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Accurate measures of physical activity and sedentary behaviour are of critical importance to 
examine all phases of the behavioural epidemiology framework. This thesis aimed to validate 
activity monitor-based assessment approaches for the objective measurement of these 
behaviours in 5- to 12-year-old children.  
Chapters 1 and 2 review relevant background literature to provide an evidence base for this 
thesis. Chapters 3 and 4 examined the accuracy of the thigh-worn activPAL3TM for classifying 
postures, detecting the number of sedentary breaks, predicting energy expenditure, and 
classifying moderate- to vigorous-intensity physical activity (MVPA). Accuracy was 
acceptable for classifying sitting/lying, standing and stepping, however time spent standing and 
the number of sedentary breaks were overestimated. Metabolic equivalents (METs) were 
overestimated by the proprietary algorithm during sedentary behaviour (SB) and light-intensity 
physical activity (LPA), and underestimated during MVPA, but the classification accuracy for 
MVPA was acceptable.  
Chapter 5 examined the accuracy of ActiGraph and GENEActiv wrist acceleration cut-points 
for classifying SB, relative to the ActiGraph hip cut-point of ≤25 counts/15sec and the thigh-
mounted activPAL3TM, while using direct observation as the criterion measure. Although the 
most accurate ActiGraph wrist cut-points estimated sedentary time more accurately than the hip 
cut-point, the GENEActiv cut-points generally overestimated sedentary time and classified SB 




the wrist and hip cut-points in classifying SB. Some ActiGraph wrist cut-points demonstrated 
reasonably accurate estimates of sedentary time at the group-level, although classification 
accuracy was only fair, as SB was misclassified as non-SB and vice-versa.  
 
Chapter 6 examined the accuracy of wrist acceleration cut-points for classifying MVPA. The 
cut-points classified MVPA with good accuracy, although some cut-points overestimated time 
spent in MVPA due to a high proportion of non-MVPA (SB/LPA) misclassified as MPA during 
sedentary activities that involved vigorous wrist movements. Cut-points that approached 
equivalence with the criterion measure for estimating time in MVPA misclassified more MPA 
as non-MVPA, especially during MVPA activities with limited wrist movements.  
 
Chapter 7 examined the accuracy of the SenseWear Mini’s most recent algorithms, versions 2.2 
(SW2.2) and 5.2 (SW5.2), for estimating energy expenditure. Although SW5.2 demonstrated 
improved accuracy compared to SW2.2, energy expenditure was underestimated and errors 
increased with increasing physical activity intensity. As individual errors did not decrease with 
SW5.2, further algorithm improvements may be required to enhance the accuracy of 
assessments.  
 
To conclude, the thigh-mounted activPAL3TM assessed SB more accurately than other objective 
approaches when using direct observation as the criterion measure, and the activPAL3TM MET 
algorithm classified MVPA with acceptable accuracy. The most accurate wrist cut-points for 
the ActiGraph and GENEActiv assessed SB with similar accuracy as the ActiGraph hip cut-




wrist cut-points demonstrated difficulties in distinguishing between SB and non-SB, and 
between MVPA and non-MVPA. The upgraded SenseWear Mini’s software algorithm 
demonstrated improved estimates of energy expenditure relative to the prior algorithm, 
although measurement errors from the multi-sensor activity monitor remained large. All 
activity monitors demonstrated large individual variability, and there remains considerable 
scope for improving the objective assessment of physical activity, SB and energy expenditure 
among children.  
 
This thesis provides empirical data that can be used by researchers when making decisions 
regarding objective monitoring in future studies of children’s physical activity and sedentary 
behaviour. The research moved beyond the most commonly used hip-based accelerometry 
techniques, which was achieved via comparison of a range of activity monitors, worn 
simultaneous in different locations of the body, using a consistent protocol of activities and a 
consistent analytical approach. The original contribution of this thesis will facilitate higher 
quality research outcomes across all phases of the behavioural epidemiology framework for 
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While physical activity has established health benefits for adults, recent evidence has identified 
that excessive sedentary behaviour or “too much sitting” may adversely impact health in 
adulthood, independent of moderate- to vigorous-intensity physical activity (MVPA) (Healy et 
al. 2011; Helmerhorst et al. 2009; van der Ploeg et al. 2012). Although research in children has 
shown that physical activity has health benefits (Janssen & Leblanc 2010; Poitras et al. 2016), 
evidence for the associations of sedentary behaviour and health in young people is inconsistent 
and still emerging (Cliff et al. 2015; Ekelund et al. 2012; Fröberg & Raustorp 2014). Because 
of the established health benefits of physical activity and increased interest in the potential 
consequences of excessive or prolonged sedentary behaviour in children, valid measures of 
these behaviours are of critical importance and the accuracy of measurement methods should 
be established.   
 
Hip-worn activity monitors or accelerometers such as the ActiGraph have become the most 
commonly used objective measure of physical activity and sedentary behaviour in children 
(Trost 2007). However, these monitors have some limitations. Firstly, hip-worn monitors, 
combined with traditional cut-point based data reduction approaches, have difficulty detecting 
subtle differences between sedentary behaviour or sitting and light-intensity physical activity 
such as standing (Janssen & Cliff 2015; Ridgers et al. 2012). Additionally, children’s 
compliance with hip-worn accelerometer protocols has been lower than desirable in some 
studies (Fairclough et al. 2015; Rowlands et al. 2014b), which results in excessive levels of 
non-wear time and subsequent data loss. Furthermore, accelerometry-based monitors and 
traditional data processing methodologies have demonstrated limited accuracy in the estimation 
of energy expenditure across the range of physical activities in which children typically engage 
(Corder et al. 2008; Trost et al. 2011). Alternative activity monitoring approaches have become 
available, including thigh-worn monitors, wrist-worn monitors and activity monitors that 




combine accelerometry with physiological sensors, which could potentially overcome some of 
the limitations of hip-worn monitors.  
 
The thigh-worn activPAL3TM monitor is a posture detection system that provides the potential 
for improved measurement of sedentary behaviour. Estimates of time spent sitting, standing 
and stepping from this monitor have been found to highly correlate with direct observation in 
9-10 year-olds (Aminian & Hinckson 2012). However, a more recent study in 9-12 year-olds 
(Ridley et al. 2016) reported that the activPALTM underestimated sitting time (5.6%) and 
overestimated standing time (125%) in a free-living environment. The device has not been 
validated in school-aged children younger than 9 years, and no validation studies have tested 
whether errors lay within an acceptable range from the criterion measure. Furthermore, when 
investigating the independent associations of physical activity and sedentary behaviour with 
health outcomes in population studies, participant compliance to monitoring might be 
maximised if one device could be used to accurately capture both behaviours, rather than two 
separate devices. In addition to assessing sedentary behaviour, the activPAL3TM provides 
estimates of METs using a proprietary algorithm, which could be used to estimate energy 
expenditure and classify physical activity intensity. To the candidate’s knowledge, no 
validation studies have been conducted to examine the accuracy of the activPAL3TM proprietary 
algorithm for predicting energy expenditure or classifying MVPA in school-aged children.  
 
A recent shift has occurred in population-based studies, with accelerometry protocols moving 
from placement on the hip (Matthews et al. 2008) to placement on the wrist (Troiano et al. 
2014; UK Biobank 2009) with the perception to improve participant compliance and potentially 
improve estimates of free-living physical activity and sedentary behaviour. Monitors such as 




the GENEActiv (ActivInsights Ltd., Cambridge, UK) and ActiGraph (ActiGraph LLC, 
Pensacola Beach, FL) can be worn on the wrist and provide traditional activity “count” data as 
well as raw acceleration output. Calibration studies in children (Chandler et al. 2015; Crouter 
et al. 2015; Hildebrand et al. 2016; Hildebrand et al. 2014; Kim et al. 2014; Phillips et al. 2013; 
Schaefer et al. 2014) have developed cut-points to convert count or acceleration data into 
estimates of physical activity intensity or sedentary behaviour. Because these studies have used 
different methodologies and data processing techniques, a range of cut-points have become 
available that result in different estimates of physical activity and sedentary behaviour 
(Rowlands et al. 2014b). Therefore, it is important to establish the most accurate cut-points to 
assist researchers in selecting appropriate methods for their research and to improve consistency 
between studies. Although some cut-points have been independently validated/cross-validated 
(Crouter et al. 2015; Duncan et al. 2016; Hildebrand et al. 2016; Hildebrand et al. 2014; 
Schaefer et al. 2014), the validation studies included methodological limitations such as small 
sample sizes (Duncan et al. 2016), a limited age range of participants (Crouter et al. 2015; 
Duncan et al. 2016), inclusion of only ambulatory activities that may not reflect the diverse 
range of activities that children typically engage in (Duncan et al. 2016; Hildebrand et al. 2014; 
Schaefer et al. 2014), or no valid criterion measure (Hildebrand et al. 2016). As such, the level 
of importance of measurement errors remains unclear. Furthermore, no validation studies have 
been conducted in which various wrist acceleration cut-points have been evaluated 
simultaneously.  
 
Recently developed activity monitors such as the SenseWear Mini (BodyMedia Inc., 
Pittsburgh, PA, USA; in 2013 acquired by Jawbone®, San Francisco, CA, USA) combine 
accelerometry with additional physiological data, which could improve estimates of energy 
expenditure relative to activity monitors that rely only on acceleration data. A unique 




characteristic of this monitor is that the company updates the algorithms as new data are 
integrated into its pattern recognition system. Past studies in children (Calabro et al. 2013; Lee 
et al. 2016) have evaluated the accuracy of estimates of energy expenditure from different 
SenseWear Mini software algorithms (version 5.0 and 5.2) and demonstrated consistent 
improvements when comparing outcomes from the upgraded software algorithms with the prior 
version (version 2.2). However, a study that tested the accuracy of algorithms in free-living 
children was limited in that the criterion measure of doubly labelled water could not provide 
information on whether or not estimates of energy expenditure were accurate across different 
physical activity intensities (Calabro et al. 2013). Another laboratory-based study (Lee et al. 
2016) tested the SenseWear Mini’s upgraded algorithms while children performed a range of 
ambulatory and lifestyle activities, although because children were randomised to a selection 
of activities from the larger protocol, the sample size was limited for some of the activities (n 
< 20). 
 
The aforementioned limitations in the evidence base lead to a need for further validation studies 
of accelerometer-based methodologies in children. Therefore, the primary aim of this research 
was to validate activity monitor-based assessment approaches for the objective measurement of 
physical activity, sedentary behaviour and energy expenditure in school-aged children (5-12 
years). More specifically, the research aims in this thesis were:  
 
Aim 1:  To examine the accuracy of thigh-worn activity monitors for classifying sedentary 
behaviour and physical activity, and for predicting energy expenditure in children.  
To address this aim, this thesis investigated the following research questions: 




RQ1: What is the accuracy of the activPAL3TM monitor for classifying sitting/lying, standing 
and stepping and estimating time in each posture? 
RQ2: What is the accuracy of the activPAL3TM monitor for detecting breaks in sedentary 
behaviour? 
RQ3: What is the accuracy of the activPAL3TM proprietary software algorithm for the 
prediction of energy expenditure (METs)? 
RQ4: What is the accuracy of the activPAL3TM proprietary software algorithm for classifying 
MVPA? 
 
Aim 2: To examine the accuracy of wrist cut-points for the classification of sedentary behaviour 
and moderate- to vigorous-intensity physical activity in children. 
To address this aim, this thesis investigated the following research questions: 
RQ5: What is the accuracy of ActiGraph and GENEActiv wrist acceleration cut-points for 
classifying and estimating time in sedentary behaviour? 
RQ6: What is the accuracy of sedentary ActiGraph and GENEActiv wrist cut-points for 
assessing sedentary behaviour relative to the hip-mounted ActiGraph and the thigh-mounted 
activPAL3TM? 
RQ7: What is the accuracy of GENEActiv wrist acceleration cut-points for classifying MPA, 
VPA and MVPA, and for estimating time spent in physical activity intensities? 
 




Aim 3: To examine the accuracy of a multi-sensor activity monitor for predicting energy 
expenditure in children. 
To address this aim, this thesis investigated the following research questions: 
RQ8: What is the accuracy of the most recent upgrade of the SenseWear Mini algorithms 
(version 5.2) for predicting energy expenditure, compared to the previous algorithms (version 
2.2)? 
 
This thesis comprises five studies, four of which have been accepted for publication in peer-
reviewed journals (Chapters 3, 4, 5 and 7), and one of which is under review and has received 
reviewer comments (revise and resubmit) in a peer-reviewed journal (Chapter 6).  
 
The studies described in Chapters 3 and 4 address Aim 1 by examining the accuracy of the 
thigh-worn activPAL3TM for assessing sedentary behaviour, MVPA and energy expenditure in 
children. Chapter 3 addresses RQ1 and RQ2 by examining the accuracy of activPAL3TM for 
classifying postural allocation, estimating time spent in postures, and detecting the number of 
breaks in sedentary behaviour against direct observation. Chapter 4 addresses RQ3 and RQ4 by 
examining the accuracy of activPAL3TM for predicting metabolic equivalents and classifying 
MVPA using the proprietary MET algorithm against portable indirect calorimetry. Chapters 5 
and 6 address Aim 2 by examining the accuracy of wrist acceleration cut-points for classifying 
sedentary behaviour and MVPA. Chapter 5 addresses RQ5 and RQ6 by evaluating sedentary 
wrist cut-points, relative to the commonly used cut-point of ≤25 counts/15s for the hip-mounted 
ActiGraph and the thigh-mounted activPAL3TM, while using direct observation as the criterion 
measure. Chapter 6 addresses RQ7 by evaluating wrist cut-points that were developed using 




raw acceleration data for classifying and estimating time in moderate, vigorous and moderate- 
to vigorous-intensity physical activity, using a portable indirect calorimetry system as the 
criterion measure. Finally, Chapter 7 addresses Aim 3 and RQ8 by examining the accuracy of 
the SenseWear Mini’s most recent algorithms version 5.2, compared to the prior version 2.2, 
for estimating energy expenditure in children. Chapter 8 provides an overview of the main 
findings of this thesis and discusses the strengths and limitations of the research studies. Finally, 
directions and implications for future research, as well as an overall conclusion are provided. 
The empirical data and recommendations provided in this thesis can be used by researchers 
when making decisions regarding objective monitoring in future studies of children’s physical 
activity and sedentary behaviour which will facilitate higher quality research outcomes across 
















This chapter describes the relevant background literature in order to provide a rationale for the 
research undertaken as part of this thesis. The Chapter is structured according to the behavioural 
epidemiology framework (Sallis et al. 2000), and will focus on the first two phases of the 
framework that aim to: i) establish dose-response relationship between the behaviour and health 
outcomes, and ii) develop measures of the behaviour. Firstly, physical activity and sedentary 
behaviour will be defined, followed by a summary of associated health outcomes, and 
prevalence and trends in school-aged children. Finally, the objective measurement of physical 
activity, sedentary behaviour and energy expenditure in school-aged children will be discussed 
with a focus on methodological issues regarding the use of activity monitoring.  
 
2.1 Physical activity, sedentary behaviour and health in children 
 
2.1.1 Physical activity 
 
Physical activity can be defined as any bodily movement produced by skeletal muscles resulting 
in energy expenditure above resting levels (Caspersen et al., 1985, Powell et al., 2011). While 
physical activity or exercise in adults is often planned, structured and habitual, movement 
patterns in children are often sporadic, unstructured and short in duration (Baquet et al. 2007; 
Reilly et al. 2008). Physical activity occurs over the dimensions: frequency, intensity, time and 
type (Must & Tybor 2005). Total energy expenditure is comprised of resting energy 
expenditure, the thermogenic effect of eating, and physical activity energy expenditure, which 
is the largest modifiable component of total energy expenditure (Mifflin et al. 1990). Physical 
activity is commonly categorised by intensity, using ranges of metabolic equivalents (METs; 1 
MET is equivalent to resting energy expenditure) as a reference (McMurray et al. 2015). These 
categories include sedentary behaviour (≤ 1.5 METs), and light (LPA: 1.6 – 2.9 METs), 
moderate (MPA: 3.0 – 5.9 METs) and vigorous (VPA: ≥ 6.0 METs) intensity physical activity. 




Historically, activities achieving an intensity of ≥ 3.0 METs are typically categorised as 
moderate- to vigorous-intensity physical activity (MVPA) (Haskell et al. 2007; Saint-Maurice 
et al. 2016; Trost et al. 2011). However, recent evidence suggests that brisk walking, an activity 
typically used as the behavioural indicator for the lower threshold of MPA, has an energy cost 
of approximately 4 METs in children and adolescents (Trost et al. 2011).  Therefore, a debate 
has emerged around the use of 3 METs or 4 METs to define MVPA, and both definitions are 
currently being used (e.g. 3 METs: (Hildebrand et al. 2014); 4 METs: (Trost et al. 2011)). It 
should be noted that resting energy expenditure (REE), which is used to define 1 MET, can be 
measured directly or, alternatively, basal metabolic rate (BMR), which has been used as a proxy 
for REE to define 1 MET, can be estimated from lean body mass using prediction equations. 
BMR is defined as the energy expended when an individual is lying at complete rest, in the 
morning after sleep in the post-absorptive state. Both approaches for defining 1 MET are used 
in studies of children, and both have benefits and limitations. Ideally, direct measures of REE 
for each individual child would be used, because this would account for potential individual 
variability due to genetics and other physiological factors (Herrmann et al. 2016). However, the 
precise measurement of REE requires the participant to be in the post-prandial state, at least 6 
hours after consumption of calories or performing any rigorous activity, and participants should 
be rested while supine for at least 60 minutes prior to the measurement (Levine 2007). Because 
these stringent requirements can be difficult to achieve in studies of children, some studies use 
modified protocols to assess REE (e.g., lying down for 10 minutes after a fasting period of at 
least 2 hours (Hildebrand et al. 2014)), whereas other studies (Trost et al. 2011) use predictions 
of BMR based on sex, age, body mass and height using the Schofield equation (Schofield 1985). 
Because REE is usually higher but within 10% of BMR (Herrmann et al. 2016; Levine 2007), 
researchers have used predicted BMR to define REE in studies of children (Schaefer et al. 2014; 
Trost et al. 2011).  Using measured REE values results in higher values for 1 MET, compared 




to predicted BMR (Innerd & Azevedo 2016; Sasaki et al. 2016; Schuna Jr et al. 2016), which 
provides a lower definition of 1 MET. Consequently, MET values for the same activity will be 
lower when defining 1 MET using measured REE, and higher when defining 1 MET using 
predicted BMR (e.g. this research presents brisk walking = 3.4 ± 0.6 METs when using 
measured REE, and brisk walking = 4.7 ± 0.7 METs when using predicted BMR). A result of 
using different approaches to derive 1 MET is that thresholds to define the intensity of MVPA 
may differ. In studies using measured REE to define 1 MET, the threshold for MVPA is 
typically set at the conventional level of 3 METs (Hildebrand et al. 2014; Phillips et al. 2013), 
whereas in studies using predicted BMR to define 1 MET, the MVPA threshold is typically set 
at 4 METs (Trost et al. 2011). 
 
Physical activity has important health benefits that begin in childhood. For example, adiposity, 
physical fitness (aerobic fitness, muscular strength and endurance), cardio-metabolic health, 
bone health and mental health are positively affected by physical activity among children 
(Okely et al. 2012; Poitras et al. 2016). A recent review in school-aged children and youth 
reported a favourable relationship between total physical activity and health outcomes. 
Although MVPA intensities demonstrated more consistent and robust associations and larger 
effect sizes than lower intensities such as LPA, evidence for LPA was promising as the intensity 
was favourably associated with cardiometabolic biomarkers. However, available data was 
limited for other health outcomes. As such, researchers should consider all intensities of 
physical activity when examining the health benefits of physical activity in children and youth. 
 
2.1.2 Sedentary behaviour 
 
Sedentary behaviours are defined as waking behaviours involving a sitting or reclining position 
that require an energy expenditure of ≤1.5 METs (Sedentary Behaviour Research Network 




2012). Evidence in adults suggests that high levels of sedentary behaviour are negatively 
associated with health outcomes (Healy et al. 2011), such as waist circumference, HDL-
cholesterol, C-reactive protein, triglycerides, insulin and others, and prolonged bouts of sitting 
are a risk factor for all-cause mortality (van der Ploeg et al. 2012). These associations are 
independent of the amount of time engaged in MVPA (Helmerhorst et al. 2009; van der Ploeg 
et al. 2012). Furthermore, it has been shown that frequent interruptions in sedentary time lower 
postprandial glucose and insulin levels in healthy and overweight/obese adults (Dunstan et al. 
2012; Peddie et al. 2013). Among children and adolescents, television viewing and screen-
based forms of entertainment are the most prevalent leisure-time sedentary behaviours (Biddle 
et al. 2009). However, total sedentary time of young individuals also involves sitting during 
class time at school and during motorised transport (Hardy et al. 2013; Salmon et al. 2011). 
Some studies in children and adolescents support the association of the total volume or pattern 
of sedentary behaviour with adverse health outcomes, such as adiposity and insulin resistance, 
independent of MVPA (Cliff et al. 2014; Cliff et al. 2013; Mitchell et al. 2012; Saunders et al. 
2013). However, other studies have indicated that sedentary time is unrelated to these risk 
factors after adjusting for time spent in MVPA (Cliff et al. 2015; Ekelund et al. 2012), and thus 
the overall evidence is inconsistent. Although associations between sedentary behaviour and 
health indicators in children are somewhat unclear, a recent review (Poitras et al. 2016) 
described favourable associations between LPA and diastolic blood pressure, insulin resistance 
and HDL cholesterol, and indicated that increased levels of LPA as a displacement of sedentary 
behaviour is likely beneficial for children’s health. Moreover, a recent study which used an 
analysis approach that could account for the inherent associations between sleep duration, 
sedentary time, LPA and MVPA within a 24-h period (compositional analyses), provided 
evidence that substituting sedentary behaviour for LPA or sleep was beneficial for children’s 
health, independent of MVPA (Carson et al. 2016b). Further research is needed investigating 




the association between sedentary behaviour and health outcomes, to expand the focus beyond 
MVPA as a health promotion strategy.  
 
 
2.2 Prevalence and trends in physical activity and sedentary behaviour 
 
2.2.1 Physical activity 
 
Because of the associated health benefits, international guidelines have been developed by the 
World Health Organization and national physical activity guidelines for children and 
adolescents have been developed in many countries (Department of Health 2012; Tremblay et 
al. 2016; U.S. Department of Health and Human Services 2008; World Health Organization 
2010). Australian guidelines recommend that, in order to achieve health benefits, children 
should participate in a minimum of 60min (and up to several hours) of MVPA each day 
(Department of Health 2012). Children’s physical activity should include a variety of aerobic 
activities, including some vigorous-intensity activity. Furthermore, at least 3 days per week, 
children should engage in activities that strengthen muscle and bone. This is consistent with the 
Canadian, U.S.A. and WHO guidelines (Tremblay et al. 2016; U.S. Department of Health and 
Human Services 2008; World Health Organization 2010). Current prevalence data from the 
Australian Health Survey 2011-12 (Australian Bureau of Statistics 2011-12) show that 60% of 
Australian school-aged children and adolescents (5-17 years) met the national 
recommendations regarding time spent being physically active. However, only 19% of children 
and adolescents met the guidelines of 60 min per day across all seven days, and 48% met the 
guidelines on at least five out of seven days. Levels of physical activity were generally higher 
for boys than for girls. Objective data from international studies (Cooper et al. 2015; Riddoch 
et al. 2004; Troiano et al. 2008) confirm the low levels of physical activity among children and 




adolescents world-wide. It has been suggested that physical activity habits established during 
childhood tend to track into later stages in life (Kristensen et al. 2008). Global data on physical 
activity levels has shown that 80% of 13-15 year-old adolescents internationally fail to meet 
physical activity guidelines, and that inactivity increases with increasing age categories in 
adulthood (Hallal et al. 2012). 
 
2.2.2 Sedentary behaviour 
 
The increased interest in the associations of high levels of sedentary behaviour and health, and 
recent evidence of negative health effects (Carson et al. 2016a) has led to the development of 
guidelines for these behaviours in children. To reduce health risks, sedentary behaviour 
guidelines have been operationalised as screen-time guidelines in the past, however, there is 
acknowledgement that screen time is only one type of sedentary behaviour (Biddle et al. 2009). 
More recent guidelines (Tremblay et al. 2016) have taken a 24-hour approach to movement and 
included specific recommendations around breaking up prolonged sitting. The recent Australian 
guidelines (Department of Health 2012) also recommend that children aged 5-12 years should 
minimise the time they spend being sedentary every day and include a statement on breaking 
up prolonged sitting. According to these guidelines, it is recommended that children limit the 
use of electronic media for entertainment (e.g. television, seated electronic games and computer 
use) to no more than 2 hours per day, and that children break up long periods of sitting as often 
as possible. Prevalence data from the Australian Health Survey 2011-12 (Australian Bureau of 
Statistics 2011-12) indicated that only 30% of 5-17 year-old children met these guidelines and 
daily time spent on sedentary screen-based activity increased from 98 min for 5-8 year-olds to 
181 min for 15-17 year-olds. Most sedentary screen-time was spent watching TV, DVDs or 
videos, followed by playing electronic games. When looking at the prevalence data for physical 




activity and sedentary behaviour combined, only 8.2% of Australian school- aged children and 
adolescents met the recommendations of accumulating at least 60min of MVPA each day and 
limiting sedentary screen time to less than 2 hours per day.  
 
2.3 Measurement of physical activity, sedentary behaviour and energy expenditure 
 
Because of the established health benefits of physical activity and inadequate compliance with 
physical activity and sedentary behaviour guidelines, substantial research is being conducted to 
better understand and promote physical activity, increase energy expenditure, and reduce 
sedentary behaviour among children. In this research, it is important to distinguish the terms 
physical activity and energy expenditure, as physical activity is the behaviour and energy 
expenditure is the outcome that reflects the associated energy cost or intensity of the behaviour 
(LaMonte & Ainsworth 2001; Trost 2007). Of critical importance to this research is the accurate 
measurement of children’s habitual free-living behaviours and corresponding energy 
expenditure.  
 
2.3.1 Objective measurement of physical activity and sedentary behaviour and energy 
expenditure 
 
Various subjective and objective measures are available to assess free-living physical activity 
and sedentary behaviours during childhood (Atkin et al. 2012; Janssen & Cliff 2015; Lubans et 
al. 2011; Trost 2001; Trost 2007). Subjective methods include self- or parent proxy-reports, 
questionnaires, diaries or interviews. Although these methods are easy to administer and 
relatively inexpensive, self-report questionnaires or diaries are not suitable for use in children 
aged 10-years or younger (Atkin et al. 2012; Trost 2007). Children of this age have difficulty 
understanding the concept of physical activity and their limited cognitive capacity may hinder 




accurate estimation or recalling the amount of time they are active or inactive (Atkin et al. 2012; 
Trost 2007). For this reason, parent-proxy reports are often used, but these are also at 
considerable risk of recall- or reporting-bias. The reliability and validity of parental reports is 
highly variable for children’s sedentary behaviours (Lubans et al. 2011) and they often result 
in physical activity being overestimated (Reilly et al. 2008; Trost 2007). 
 
Objective measures of physical activity, sedentary behaviour and energy expenditure are 
considered more appropriate than subjective measures among children. These methods attempt 
to assess the behaviours directly, through capturing movement (i.e., acceleration) or postural 
allocation (i.e., sitting/lying or standing), or the outcome of these behaviours, such as the 
increase in energy expenditure or heart rate as a result of physical activity (LaMonte & 
Ainsworth 2001). Methods that measure the movement response of physical activity include 
direct observation, pedometers, and accelerometer-based activity monitors. Other methods 
measure the physiological response of physical activity and include heart rate monitors, doubly 
labelled water (DLW), whole room calorimetry and indirect calorimetry (de Vries et al. 2006). 
The DLW technique is based on the measurement of carbon dioxide production. The 
participants consume a dose of water with two stable isotopes; 2H2O (deuterium-labelled water) 
and H218O (oxygen-18-labelled water). Deuterium-labelled water is lost from the body through 
urine, sweat and evaporative losses. Oxygen-18-labelled water is also lost via carbon dioxide 
production in addition to other routes of water loss. As such, the difference in the rate of loss 
between the 2 isotopes is a function of the rate of carbon dioxide production, and thus a 
reflection of total daily energy expenditure. This method is validated in children and used as 
the criterion measure for free-living energy expenditure (Trost 2007). In contrast, calorimetry 
approaches measure the body’s oxygen consumption and carbon dioxide production, and 
subsequently estimate energy expenditure (de Vries et al. 2006). Whole room calorimetry is 




used under laboratory conditions, and indirect calorimetry can be used under both laboratory 
and field conditions, as criterion measures of energy expenditure. Validation studies have also 
used direct observation as the criterion measure for motion detectors that estimate physical 
activity and sedentary behaviour. Table 2.1 presents an overview of methods of assessing 
physical activity, sedentary behaviour and energy expenditure, along with their strengths and 
limitations. 
 
Although objective measurement methods can provide greater accuracy than subjective 
measures, they are not without limitations. Direct observation is highly labour intensive and not 
suitable for habitual behaviour over long periods of time (Trost 2007). Most pedometers and 
doubly labelled water cannot be used to assess the intensity of physical activity (Corder et al. 
2008; Trost 2007), which is an important dimension of habitual physical activity assessment. 
Likewise, doubly labelled water is expensive and practically difficult to apply. When using 
heart rate monitoring alone, sporadic activity patterns of children may not be captured because 
heart rate response tends to lag momentarily behind changes in movement (Corder et al. 2008). 
Furthermore, personal characteristics and environmental factors influence the linear 
relationship between heart rate and physical activity energy expenditure (Trost 2007). Whole 
body calorimetry can only be applied in laboratory settings, which makes it impossible to assess 
habitual free-living energy expenditure. Indirect calorimetry requires the participant to wear a 
facemask and a portable respiratory gas analysis system, which is typically attached to the body 
using a harness or backpack. This increases the burden for the participant and makes it 
challenging to apply in free-living conditions. In the last two decades, accelerometry-based 
activity monitors have become available that can overcome some of the limitations of 
alternative subjective and objective measures, and are widely recognised as the method of 




choice for assessing free-living habitual physical activity, sedentary behaviour and energy 
expenditure among children (Corder et al. 2008; Trost 2007). 




Table 2.1 Overview of methods for the measurement of physical activity, sedentary behaviour and energy expenditure* 
 

















SB or EE 

























 Questionnaire    +++ +++ +++ ++ +++ - ++ 
Interview    + ++ ++ ++ ++ + ++ 
Proxy report    +++ +++ + ++ +++ +++ + 







Heart rate monitoring   √  ++ + + ++ + +++ +++ 
Pedometer √   +++ ++ ++ ++ ++ +++ +++ 
Accelerometer √   + ++ ++ - ++ +++ +++ 
Direct observation  √ √ - + +++ ++ + +++ ++ 
Doubly labelled water  √ √ - ++ ++ - - +++ +++ 
Indirect calorimetry  √ √ - ++ ++ ++ + +++ +++ 
Whole room calorimetry   √ √ - ++ ++ ++ + +++ +++ 




2.3.2 Assessment of physical activity, sedentary behaviour and energy expenditure in children 
using accelerometry 
 
When applied to the measurement of physical activity, an accelerometer can assess the 
magnitude and total volume of movement as a function of time (Cliff et al. 2009; de Vries et al. 
2006). Former accelerometers that had a piezoelectric sensor, which detected dynamic 
accelerations (resulting from motion), have been replaced by capacitive accelerometers, that 
detect both static (force of gravity detected when stationary) and dynamic accelerations. Briefly, 
a capacitive accelerometer detects change in acceleration through changes in capacitance 
(potential of the sensor to store an electric charge) of the sensing element (John & Freedson 
2012). These signals can either be stored as pre-filtered raw data, or integrated into activity 
“counts” over a given time interval called an “epoch” (Cliff et al. 2009; Rowlands 2007). 
Consequently, accelerometers can provide objective, time-stamped data on the wearer’s 
movements that can be used to estimate the duration, intensity, and frequency of physical 
activity.  
 
Accelerometers have commonly been placed on the hip and data processing methodologies, 
such as single linear regression approaches or receiver operating characteristic (ROC) curves, 
have been used to convert counts into units of energy expenditure or estimates of physical 
activity intensity (Bassett et al. 2012; Trost et al. 2011). However, hip-worn monitors and their 
associated data processing methodologies have some limitations when used to assess physical 
activity intensity, sedentary behaviour and energy expenditure in children. Assessing subtle 
differences between sedentary behaviours and LPA seems to be difficult, because these 
methods categorise sedentary behaviour based on the lack of movement (Lubans et al. 2011), 




and some LPAs such as standing tend to be misclassified as sedentary behaviour (Janssen & 
Cliff 2015; Ridgers et al. 2012). The use of hip-mounted accelerometers has also raised 
concerns about low participant compliance to accelerometry protocols and subsequent data loss 
(Fairclough et al. 2015; Rowlands et al. 2014b). The use of accelerometers and single-
regression equation data reduction approaches has resulted in a range of youth-specific cut-
points for physical activity intensity, accompanied with respective prediction equations for 
estimates of energy expenditure. These equations can provide accurate assessments of energy 
expenditure for a number of activities, however, the assessment of energy expenditure is 
generally not accurate over the wide range of lifestyle activities in which children typically 
participate (Corder et al. 2008; Trost et al. 2011), which is partly due to the biomechanical 
variation of different activity types and the variability in activity energy costs due to growth 
and maturation (Harrell et al. 2005). Alternative activity monitors (Table 2.2) have become 
available that are designed for placement on different body parts, such as the thigh or the wrist, 
or integrate various physiological sensors, and could possibly overcome some of these 
limitations with the potential to make substantial improvements in the measurement of 
sedentary behaviour, physical activity and energy expenditure in children. 
 
2.3.2.1 Thigh- worn activity monitors 
Activity monitors that are designed to be worn on the thigh, or data reduction approaches that 
are sensitive to changes in posture, offer potential for improved accuracy for capturing the 
differences between sitting and standing and for assessing sedentary behaviours, compared to 
hip-mounted accelerometry. One example is the activPAL3TM (PAL Technology Ltd., 
Glasgow, Scotland), which is an accelerometer-based posture detection system designed to be 
worn mid-anteriorly on the right thigh. The single unit accelerometer (5.3 x 3.5 x 7.0cm, 15.0g) 
collects tri-axial acceleration data with a sample frequency of 20Hz, in order to assess the 




position and movement of the limb. The activPAL3TM software classifies periods spent sitting, 
standing or stepping, and provides estimates of energy expenditure (METs) based on a 
proprietary algorithm (PAL Technology Ltd. 2010). Because studies of sedentary behaviours 
often seek to also assess physical activity outcomes in order to investigate the independent 
effect of both behaviours, it is preferable to use one monitor to minimise participant burden. 
The activPAL3TM could potentially address these dual purposes, because the device assesses 
sitting or sedentary behaviour and provides estimates of METs, which could be used to classify 
physical activity intensity. 
 
2.3.2.2 Wrist-worn activity monitors 
Low participant compliance to hip-worn accelerometers could result in high levels of non-wear 
time and, consequently, loss of data (Troiano et al. 2014). Therefore, in large-scale population 
studies such as the nationally-representative NHANES in the U.S. monitoring protocols were 
changed, with the perception that positioning the monitor on the wrist could improve 
compliance. This perception was confirmed with recent evidence that suggests that monitor 
wear-time among children might be higher on the wrist than on the hip (Fairclough et al. 2015; 
Rowlands et al. 2014b), which has consequently caused a shift from hip-placement to wrist-
placement. The National Health and Nutrition Examination Study (NHANES) 2003-2004 is an 
example of a large population survey that used hip-worn accelerometers for the assessment of 
physical activity and sedentary behaviour (Matthews et al. 2008). More recent surveys and 
national biobanks, such as NHANES 2011-2014 (Troiano et al. 2014) and the U.K. Biobank 
(UK Biobank 2009), have incorporated wrist-worn accelerometers. The data from studies 
comparing hip-worn and wrist-worn monitors indicate that wear time increased due to greater 
compliance of the wrist-worn monitors (Fairclough et al. 2015; Rowlands et al. 2014b). In 
theory, this should lead to greater confidence that the data are representative of daily physical 




activity and sedentary behaviours, and wrist-placement of activity monitors could be 
recommended for the objective assessment of these behaviours.  
 
The ActiGraph (ActiGraph LLC, Pensacola Beach, FL) and GENEActiv (ActivInsights Ltd., 
Cambridge, UK) are accelerometer-based motion sensors that can be worn on the hip or wrist. 
While previous models of ActiGraph have provided proprietary counts, the newer models 
GT3X+ and GT9X provide high frequency tri-axial acceleration data. The widely used 
ActiGraph GT3X+ (4.6 x 3.3 x 1.5cm, 19g) is a single unit monitor that measures accelerations 
with a dynamic range of ±6g. Raw accelerometry data can be stored at a user-specified sample 
frequency ranging from 30-100Hz (ActiGraph LLC 2012). The GENEActiv (4.3 x 4.0 x 1.3cm, 
16g) has a waterproof design and measures tri-axial accelerations ranging in magnitude ±8g at 
a sample frequency ranging from 10-100Hz (ActivInsights Ltd. 2012). As well as the previous 
model GENEA, the GENEActiv provides raw acceleration data that can be converted to epochs 
using the company’s Post Processing software. Acceleration values from both monitors are 
digitised by a 12-bit analogue-to-digital converter. The use of raw unfiltered data provides the 
potential for researchers to apply consistent data reduction methods to raw acceleration data, 
which could increase the comparability of physical activity and sedentary behaviour outcomes 
between studies.  
 
2.3.2.3 Activity monitors that combine accelerometry and physiological sensors 
Regression modelling can be used to develop prediction equations for estimating energy 
expenditure from activity monitor data. However, equations that are based only on 
accelerometry do not typically estimate energy expenditure accurately over the wide range of 
lifestyle activities in which children engage in (Corder et al. 2008; Trost et al. 2011). Multi-
sensor activity monitors could possibly overcome the limitations of single unit accelerometers 




for assessing energy expenditure, and have the potential to make substantial improvements in 
the measurement of physical activity intensities during free-living lifestyle behaviours among 
children. The SenseWear Mini (BodyMedia Inc., Pittsburgh, PA, USA; in 2013 acquired by 
Jawbone®, San Francisco, CA, USA) is a device that combines accelerometry with multiple 
heat-related physiological sensors, such as heat flux (heat lost from the body), skin temperature 
and galvanic skin response (skin conductivity, which indicates sweatiness), to provide 
information on the body’s physical exertion (BodyMedia Inc. 2013). It is a compact monitor 
(5.5 x 6.2 x 1.3mm, 45.4g) with a comfortable design for placement over the triceps, which 
makes it practical for assessing habitual physical activity among children. Because of the 
additional information related to physical exertion provided by the heat-related sensors, and the 
advanced pattern-recognition approach used to combine accelerometry and physiological data, 
it is anticipated that this activity monitor might offer enhanced measurement of energy 
expenditure of non-ambulatory activities compared to hip-worn accelerometers. Another 
unique characteristic of the SenseWear Mini activity monitor is that the company updates the 
algorithms as new data become available and are integrated into its pattern recognition system. 
Table 2.2 provides a summary of the activity monitors evaluated in this thesis. 
 
  





Table 2.2 Device specification of the activity monitors evaluated in this thesis 
Activity 
monitor 
Size (cm) Range (g) Sampling 
rate (Hz) 
Epochs (seconds) Output 
activPAL3TM 5.3 x 3.5 x 7.0 0-1.5g 20-80 Hz 15s (researchers 
use event data 
which time stamp 
every change in 
posture) 
Postural position, step count, 
postural transition, raw 
accelerations (3 axis), 
predicted energy expenditure 
ActiGraph 4.6 x 3.3 x 1.5 ±6g 30-100 Hz ≥1s (user 
determined, e.g.: 
1s, 5s, 10s, 15s, 
30, 60s) 
Raw accelerations (3 axis), 
accelerometer counts (3 axis), 
postural position 
GENEActiv 4.3 x 4.0 x 1.3 ±8g 10-100 Hz ≥1s (user 
determined, e.g.: 
1s, 5s, 10s, 15ss, 
30, 60s) 
Raw accelerations (3 axis), 
accelerometer counts (3 axis) 
SenseWear 
Mini 
5.5 x 6.2 x 1.3 ±1g 1 Hz  
(>1Hz for 
acceleration) 
60s Accelerometer counts (3 
axes), skin temperature, GSR, 
near-body temperature, 
energy expenditure, step count 
GSR, galvanic skin response.  
 
2.3.3 Strengths and limitations of activity monitors 
 
As mentioned in section 2.3.1, accelerometry-based activity monitors can overcome some of 
the limitations of alternative subjective and objective measures for the assessment of sedentary 
behaviour, physical activity and energy expenditure. Activity monitors are light, small and 
relatively cheap, which makes them easy to apply for measuring habitual behaviours of 
children. Their objectivity makes them less sensitive to recall bias compared to subjective 
methods such as parent-proxy reports. The monitors have the advantage over other objective 
measures such as direct observation that they can assess habitual behaviours over an extended 
period of time (e.g. a week). Furthermore, activity monitors provide additional information such 
as intensity, frequency and duration of behaviours, compared to, for example, doubly labelled 
water that only provides estimates of total energy expenditure. As described in section 2.3.2, 




some of the limitations of traditional hip-worn activity monitors may be overcome through the 
use of devices that: i) are potentially more accurate in distinguishing between sitting and 
standing, ii) are more comfortable to wear resulting in higher compliance and less non-wear 
time, and iii) may provide more accurate estimates of energy expenditure through incorporating 
physiological sensors in combination with accelerometry.  
 
Researchers should, however, consider the general limitations of accelerometry based activity 
monitors. Firstly, they may be vulnerable to data loss due to malfunctioning or shortage of 
battery life. Furthermore, accelerations are only captured from the body part that the monitor is 
attached to. Therefore, activities might be misclassified if accelerations of the different body 
parts involved in a physical activity are not being registered. Or, in contrast, physical activity 
intensities might be overestimated when higher upper body (e.g. wrist or arm) movements are 
registered while the individual is sedentary, for instance when writing while sitting at a desk. 
Monitors such as activPAL3TM and SenseWear Mini use proprietary algorithms for estimates 
of physical activity, sedentary behaviour and energy expenditure. However, calibration studies 
are required for monitors that use count data or raw accelerations, in order to develop equations 
and cut-points for accurate interpretation of the data (Bassett et al. 2012). These methods have 
the disadvantage that researchers must make a decision about which equation or cut-points to 
apply. However, there is no consensus amongst researchers for which data reduction approaches 
to use, which inevitably results in inconsistent methodologies and varied estimates of sedentary 
behaviour, physical activity and energy expenditure, and makes it difficult to compare outcomes 
between studies. Furthermore, the use of cut-points does not give the researcher the ability to 
classify the “type” of activity engaged in by participants, such as television viewing, walking, 
running etc. If physical activities or sedentary behaviours of a similar “type” require similar 
levels of energy expenditure, then accurately classifying physical activity “types” from activity 




monitor data might assist in improving estimates of energy expenditure and physical activity 
intensity. Although new data reduction techniques such as those applying machine learning 
approaches (e.g. artificial neural networks (Rothney et al. 2007), decision trees (Bonomi et al. 
2009) and hidden Markov models (Pober et al. 2006)) are currently being developed for the 
classification of activity type, their use in studies of free-living children is limited, as there is a 
need to process large quantities of raw acceleration data using customised software (Trost et al. 
2012). Until user-friendly techniques are developed for researchers who are not measurement 
specialists, alternative data processing methods, such as equations or cut-points, or devices with 
proprietary algorithms will continue to be used. In order to assist researchers in choosing the 
most suitable methodological approach based on their study aims, and to improve consistency 
in the application of these methods, studies are needed that examine and compare the validity 
of the different devices and data reduction techniques.  
 
2.3.4 Calibration and validation of activity monitors 
 
Calibration and validation of the activity monitors are needed to interpret the acceleration data 
and convert outputs into estimates of physical activity and sedentary behaviour (Bassett et al. 
2012). Calibration is performed to ensure inter-instrument reliability (“unit calibration”) and to 
convert raw signals into established measurement units (“value calibration”) (Welk 2005). 
Initial unit calibration is performed by the manufacturer, and contemporary models of 
accelerometry-based monitors should remain calibrated for the life of the device. Value 
calibration of activity monitors is performed by measurement researchers and involves the 
process of converting direct signals from the device into estimates of time spent in various 
physical activity intensities, activity types or energy expenditure (Bassett et al. 2012; Welk 
2005). This process requires data collection on a sample that is reflective of the intended 




population. Criterion data are collected while the participants perform a range of activities. 
Linear regression approaches have typically been used for the development of activity count 
cut-points to define physical activity intensities (sedentary, LPA, MPA and VPA) and 
prediction equations for estimates of energy expenditure (Trost et al. 2011). Receiver operating 
characteristic (ROC) curves have been used to develop cut-points for physical activity 
intensities that maximise sensitivity (true positives rate) and specificity (true negative rate) 
(Bassett et al. 2012).  
 
Once the calibration procedures have been completed, the validity of the activity monitors and 
data processing methods should be examined. Validity is defined as the extent to which an 
instrument measures what it purports to measure (Bassett et al. 2012). Although there are 
different types of validity, physical activity researchers are particularly interested in the 
criterion-referenced validity of objective measures. Concurrent and predictive validity are 
determined by comparing the outcomes from a measure (the activity monitor) with a criterion 
measure. The criterion measure is often called a “golden standard”, which is the most accurate 
or precise measure for the particular outcome. Validation studies typically use room 
calorimetry, indirect calorimetry, double labelled water or direct observation as the golden 
standard for the validation of activity monitors (Bassett et al. 2012). Recent validation and 
calibration studies, which will be reviewed in the following sections of this chapter, have shown 
promising results for previously mentioned approaches such as thigh-based accelerometry 
(Aminian & Hinckson 2012; Ridley et al. 2016), wrist-worn accelerometry (Chandler et al. 
2015; Crouter et al. 2015; Hildebrand et al. 2016; Hildebrand et al. 2014; Kim et al. 2014; 
Phillips et al. 2013; Schaefer et al. 2014) and activity monitors that combine accelerometry with 
additional physiological sensors (Calabro et al. 2013; Lee et al. 2016).  
 




2.3.4.1 Thigh-worn monitors 
The thigh-worn activPALTM has been validated for postural allocation in samples of 3-6 year-
old pre-school children (Davies et al. 2012a; De Decker et al. 2013; Janssen et al. 2014b) and 
9-12 year-old school-aged children (Aminian & Hinckson 2012; Ridley et al. 2016). Results of 
studies in pre-schoolers have demonstrated reasonably accurate classification accuracy for 
postural allocation (Davies et al. 2012a; Janssen et al. 2014b). However, estimates of time spent 
in postures and the number of sedentary breaks were less accurate (Davies et al. 2012b; Janssen 
et al. 2014b).  
 
Validation studies of the activPALTM in school-aged children are summarised in Table 2.3. A 
study by Aminian et al. (2012) included twenty-five 9-10 year-olds who completed four 
sedentary and seven ambulatory activities, and a selection of three activity patterns including 
sit-to-stand and stand-to-sit transitions, lasting for 2 min each. The authors reported high 
correlations between direct observation and time spent sitting/lying, standing and stepping and 
the number of transitions between postures detected by activPALTM. However, correlational 
approaches can only determine the relative strength of the relationship between measurement 
outcomes and do not provide information about potential systematic differences or the 
agreement between estimates. Ridley et al. (2016) validated the activPALTM among forty 9-12 
year-olds in a classroom setting. The activPALTM underestimated sitting time by 1.9min (5.6%) 
and overestimated standing time by 1.8min (125.0%) during ~36min of observation. Data for 
estimates of stepping time was not reported. The number of transitions from sitting to upright 
was not significantly different from direct observation. Although data were collected in a free-
living environment, a small proportion of the observation time was spent standing (median 
(IQR) = 0.8 (2.3) min, 2.2%), which makes it less likely for activPALTM to misclassify these 
postures and breaks or transitions from sitting to standing. To the candidate’s knowledge, the 




activPALTM has not been validated in children aged 6-9 years for postural allocation and no 
validation studies have investigated whether potential measurement errors lie within an 
acceptable range from the criterion measure.  
 
The proprietary METs equation of the activity monitor has previously been validated in pre-
schoolers (Janssen et al. 2014a) and adolescents (Harrington et al. 2011). These studies 
demonstrated overestimation of METs for sedentary behaviour (pre-schoolers = 6.0%) (Janssen 
et al. 2014a) and slow walking (adolescents = 11.4%) (Harrington et al. 2011), and 
underestimation of METs for MVPA (pre-schoolers = 32.8% (Janssen et al. 2014a); adolescents 
= 2.6% - 45.5% (Harrington et al. 2011)). To the candidate’s knowledge, the MET algorithm 
has not been validated in children aged 6-12 years. 




Table 2.3 Validation studies for the thigh-worn activPAL3TM in school-aged children 
Author Sample Method Criterion measure Activities Validity 
Aminian et al. (2012) n = 25  
Range = 9-10 yr 
Mean age = 9.9 yr 
32% boys, 68% girls 
activPALTM Direct observation Reading, drawing, watching 
TV, playing computer games, 
sitting semi-prone, drawing 
on a whiteboard, playing 
computer games standing, 
walking (treadmill and over-
ground), running (treadmill 
and over-ground), activity 
patterns 
Time spent in postures: Pearson's r = 1.00 
Transitions: Pearson's r = 0.99 
Ridley et al. (2016) n = 40 
Range = 9-12 yr 
53% boys, 47% girls 
activPALTM Direct observation Classroom lessons Sitting time: Spearman r = 0.86 
Standing time: Spearman r = 0.78 
Sitting time underestimated 1.9 min (5.6%), 
standing time overestimated 1.8 min (125.0%) 
Transitions: p = 0.44 
   




2.3.4.2 Wrist-worn activity monitors 
Recent calibration studies (Chandler et al. 2015; Crouter et al. 2015; Hildebrand et al. 2016; 
Hildebrand et al. 2014; Kim et al. 2014; Phillips et al. 2013; Schaefer et al. 2014) have 
developed sedentary and physical activity wrist cut-points for the ActiGraph (Chandler et al. 
2015; Crouter et al. 2015; Kim et al. 2014) and GENEActiv (Hildebrand et al. 2016; Hildebrand 
et al. 2014; Phillips et al. 2013; Schaefer et al. 2014). While most cut-points for ActiGraph were 
developed based on count data, the GENEActiv cut-points were developed based on raw 
accelerations (Table 2.4).  Studies that used count data from ActiGraph developed cut-points 
for the vertical axis, which is sensitive to movement only along the longitudinal axis of the 
lower arm, or the vector magnitude, which is a 3-dimensional measure of the acceleration that 
is not sensitive to orientation and direction of movement. The studies used different epoch 
lengths varying from 5 sec (Chandler et al. 2015; Crouter et al. 2015) to 60 sec (Kim et al. 
2014). While most studies applied ROC-procedures to the data, Crouter et al. (2015) also 
applied regression analyses for a different set of vertical axis and vector magnitude cut-points. 
Inconsistent methodologies such as different age groups, activity protocols and data processing 
methods used in the calibration studies resulted in different cut-point values.  
 
Although calibration studies for GENEActiv consistently used raw acceleration data from the 
wrist-worn monitor, the cut-point values also varied due to the use of different methodologies 
and data processing techniques. Schaefer et al. (2014) used a filtering approach to remove static 
accelerations from the tri-axial data (the correction for gravity), whereas Hildebrand et al. 
(2014), Hildebrand et al. (2016) and Phillips et al. (2013) subtracted the value of gravity from 
the vector magnitude, in order to focus the outcome variable on dynamic (movement) rather 
than static accelerations. Hildebrand et al. (2014) and Hildebrand et al. (2016) used the 
Euclidian norm minus one (ENMO) method, which rounds negative values, resulting from 




subtracting the vector magnitude by 1g, up to zero. Phillips et al. (2013) on the other hand used 
the GENEActiv Post Processing software, which replaces the negative values with their 
absolute values and sums the resulting values over the selected epoch length. This creates a 
dependency on sample frequency. As reported in Table 2.4, the sedentary wrist cut-points for 
ActiGraph ranged from 35 counts/5s (Crouter et al. 2015) to 202 counts/5s (Chandler 2016, 
pers.comm., 6 February) for the vertical axis  and from 100 counts/5s (Crouter et al. 2015) to 
329 counts/5s (Kim et al. 2014) for the vector magnitude. Sedentary cut-points for GENEActiv 
ranged from 56.3mg (Hildebrand et al. 2016) to 190.0mg (Schaefer et al. 2014). However, the 
application of these different cut-points leads to varied estimates of sedentary behaviour 
(Janssen & Cliff 2015; Rowlands et al. 2014b) which makes it challenging to compare outcomes 
from different studies and examine the epidemiology of children’s free-living sedentary 
behaviours. Because cut-point approaches applied to hip-worn monitors tend to have difficulty 
distinguishing sedentary behaviour from non-sedentary postures (Janssen & Cliff 2015), it 
would be an advantage of wrist-worn monitoring if this approach could discriminate between 
these behaviours more accurately. 
 
With the public health focus on physical activity, it is also important for researchers applying 
activity monitoring to use accurate cut-points for classifying physical activity intensities. As 
raw unfiltered data provides the potential to apply consistent data reduction approaches across 
different models and devices, raw acceleration cut-points may be favourable to use for increased 
comparability of physical activity outcomes between studies. Various calibration studies (see 
Table 2.4) have presented raw acceleration cut-points for GENEActiv, ranging from 192mg 
(Hildebrand et al. 2016) to 314mg (Schaefer et al. 2014) for MPA, and 696mg (Hildebrand et 
al. 2016) to 998mg (Schaefer et al. 2014) for VPA. The application of different cut-points 
results in different estimates of physical activity (Rowlands et al. 2014b), and validation studies 




are needed for comparison of these assessment methods. As such, some researchers have cross-
validated the developed cut-points (Crouter et al. 2015; Hildebrand et al. 2016; Hildebrand et 
al. 2014; Schaefer et al. 2014), whereas other cut-points have been validated in independent 
studies (Duncan et al. 2016). Cut-point validation studies are summarised in Table 2.5. 
 
Crouter et al. (2015) cross-validated their ActiGraph cut-points for the vertical axis and vector 
magnitude in an independent sample of 11-14 year-olds (n = 42) who completed 2 hours of 
unstructured physical activity. The cut-points that were developed using ROC analysis 
significantly overestimated VPA (94% - 107%) and underestimated LPA (47% - 69%), whereas 
estimates of MPA and sedentary behaviour were not significantly different from indirect 
calorimetry.  
 
GENEActiv cut-points from Phillips et al. (2013) were validated in an independent sample of 
5-8 year-olds (n = 15), who performed a series of activities, including 2 sedentary activities and 
5 treadmill activities, each lasting 5 min (Duncan et al. 2016). GENEActiv cut-points of 
Schaefer et al. (2014) were cross-validated in the calibration sample (n = 24, 6-11 year) using 
a leave-one-out method (Bassett et al. 2012). Participants performed a series of 10 activities of 
various intensities (sedentary – MVPA), lasting 6min each. Results from Duncan et al. (2016) 
and Schaefer et al. (2014) showed highest classification accuracy for sedentary behaviour 
(97.0% and 83.3%, respectively) and VPA (97.4% and 88.7%, respectively), but lower 
classification accuracy for LPA (62.1% and 27.6%, respectively) and MPA (81.5% and 41.0%, 
respectively). Schaefer et al. (2014) also applied their cut-points in a free-living sample and 
reported >300min of daily MVPA, which was suggested to be much greater than other 
published studies. This overestimation was possibly due to misclassification of LPA as MVPA, 
although there was no criterion measure to confirm this hypothesis.  





Hildebrand et al. (2014) developed raw acceleration cut-points for ActiGraph and GENEActiv 
to estimate MPA and VPA, followed by sedentary cut-points in a separate analysis of the same 
sample (7-11 year-olds, n = 30) and protocol (Hildebrand et al. 2016). Classification accuracy 
for MPA was low (33% - 55%), whereas VPA was classified more accurately (68% - 80%). 
The more recently developed sedentary cut-points also significantly overestimated sedentary 
time by 65% in a free-living sample (Hildebrand et al. 2016). It should be noted that activPALTM 
was used as the criterion measure for both the development and validation of the sedentary cut-
points, which might have affected the accuracy of estimates of sedentary behaviour as estimates 
from the activPALTM may include some measurement error (Davies et al. 2012a; Janssen et al. 
2014b; Ridley et al. 2016).  
 
Although cross-validation procedures by Crouter et al. (2015), Schaefer et al. (2014) and 
Hildebrand et al. (2014) included valid criterion measures, these studies have limitations. 
Crouter et al. (2015) demonstrated small errors for estimating sedentary behaviour and MVPA, 
however the authors did not evaluate whether the level of these errors were potentially 
meaningful (Batterham et al. 2016; Wellek 2010), and thus the acceptability of the errors 
remains unclear. Schaefer et al. (2014) and Hildebrand et al. (2014) evaluated the performance 
of their cut-points using the same activities as the calibration protocol, which were 
predominantly ambulatory (e.g., walking and running), and thus the generalisability to free-
living behaviours might be overestimated. Cut-points developed by Phillips et al. (2013) were 
evaluated in an independent study (Duncan et al. 2016) with a different sample and activity 
protocol, however the sample size was small (n = 15) and the age range of 5-8 years was limited. 
To the candidate’s knowledge, no validation studies have been conducted in which multiple 
wrist cut-points for classifying sedentary behaviour or MVPA have been evaluated 




simultaneously in an independent sample, using a standardised activity protocol and a valid 
criterion measure.  
 
  




Table 2.4 Calibration studies for wrist-worn activity monitors in school-aged children 
Author Monitor Sample Outcome 
variable 
Criterion measure Analysis Wrist Activities  Cut-point 
Chandler et al. (2015) ActiGraph n = 45  
Range = 8-12yr 
Mean age = 9.0yr  
49% boys, 51% girls 
Vertical axis Direct observation, and 
percentage of heart rate 
reserve (HRR) 
ROC Non-dominant Resting, enrichment, walking, play 






   
Vector Magnitude 





Chandler et al.  
(2016 pers.  
comm., 6 February) 
ActiGraph n = 100 
Range = 5-11y 
Mean age = 8.0y 
58% boys,  42% girls 
Vertical axis Direct observation ROC Non-dominant Reading books, playing/sorting cards, 
cutting and pasting from magazines, 
playing board games, eating a snack, 
playing games on a tablet, watching TV, 





Crouter et al. (2015) ActiGraph n = 181  
Range = 8-15yr 
Mean age = 12.0yr 
53.6% boys,  46.4% 
girls 
Vertical axis Indirect calorimetry Single linear  
regression 
Dominant One out of four structured activity routines 
including free-living activities such as: 
resting, reading, watching TV, walking, 
running, computer games, cleaning, 










MPA: ≥ 262c/5s 
VPA: ≥ 565c/5s 




   
Vector Magnitude 
 






VPA: ≥ 1810c/5s 





MPA: ≥ 416c/5s 
VPA: ≥ 778c/5s 
Kim et al. (2014) ActiGraph n = 49 
Range = 7-13yr 
Mean age = 10.1yr 
40.8% boys, 59.2% 
girls 
Vertical axis Direct observation ROC 
 
Set of 12 activities such as: reading, 
watching TV, walking, running, playing 





   
Vector Magnitude 





Phillips et al. (2013) GENEActiv n = 44  
Range = 8-14 yr 
Mean age = 10.9yr 





Indirect calorimetry ROC Right Lying supine, seated DVD viewing, active 
computer games (boxing), using a 
Nintendo Wii, slow walking, brisk 
walking, slow 
running and a medium run 
SB: <6 g s 
LPA: 6-21 g s 
MPA: 22-56 g s 
VPA: >56 g s 
      
Left 
 
SB: <7 g s 
LPA: 7-19 g s 
MPA: 20-60 g s 
VPA: >60 g s 




Schaefer et al. (2014) GENEActiv n = 24 children  
Range = 6-11 yr 
Mean age = 9.2yr 





Indirect calorimetry ROC Non-dominant Resting, colouring, Lego® building, Wii 
Sports® games, treadmill walking, 
jogging, running 
SB: 0.190 g 
LPA: NA 
MPA: 0.314 g 
VPA: 0.998 g 
Hildebrand et al. 
(2016) 
GENEActiv n = 30 
Range = 7-11 yr 
Mean age = 8.9 year 
53.3% boys, 46.7 % 
girls 
SVM (ENMO),  
raw accelerations 
activPALTM ROC Non-dominant Lying down, sitting, standing, slow 
walking, fast walking, running 






      




Hildebrand et al. 
(2014) 
GENEActiv n = 30 
Range = 7-11 yr 
Mean age = 8.9 yr 
53.5% boys, 46.7% 
girls 
SVM (ENMO),  
raw accelerations 
Indirect calorimetry Single linear 
regression 
Non-dominant Lying down, sitting, standing, circuit, slow 
walking, fast walking, step, running 
SB: NA 
LPA: NA  
MPA: 191.6 mg 
VPA: 695.8  mg 
  ActiGraph             SB: NA 
LPA: NA 
MPA: 201.4 mg 
VPA: 707.0  mg 
SVM: signal vector magnitude; ENMO: Euclidian norm minus one; ROC: developed using receiver operating curve analysis; SB: sedentary behavior; LPA: light-
intensity physical activity; MPA: moderate-intensity physical activity; VPA: vigorous-intensity physical activity; c: counts; s: seconds; g: gravity; g s: g ∙ seconds. 




Table 2.5 Validation studies for cut-points from wrist-worn activity monitors in school-aged children 
Author Sample Method/Cut-point Criterion measure Activities Validity 
Crouter et al. (2015) n = 41 
Range = 10-12 yr 
Mean age = 12.6 yr 
64.3% boys, 35.7% girls 




Unstructured physical activity Time spent VPA significantly 
overestimated, time spent LPA significantly 
underestimated p<0.05 
  
Crouter et al. (2015) 
ROC-VM 
  
Time spent VPA significantly 
overestimated, time spent LPA significantly 
underestimated p<0.05 
  
Crouter er al. (2015) 
REG-VA 
  
No significant differences 
  
Crouter et al. (2015)  
REG-VM 
  
No significant differences 
Hildebrand et al. 
(2014) 
n = 30 
Range = 7-11 yr 
Mean age = 8.9 yr 
53.5% boys, 46.7% girls 
Hildebrand et al. (2014) Indirect 
calorimetry 
Lying down, sitting, standing, 
circuit, slow walking, fast 
walking, step, running 




VPA: 68% - 80% 
Hildebrand et al. 
(2016) 
n = 30 
Range = 7-11 yr 
Mean age = 8.9 yr 
53.3% boys, 46.7 % girls 
Hildebrand et al. (2016) activPALTM Free-living GENEActiv wrist cut-point significantly 
overestimated sedentary time (65%, p < 
0.001) 
Schaefer et al. (2014) n = 24  
Range = 6-11 yr 
Mean age = 9.2 yr 
54.2% boys, 45.8% girls 
Schaefer et al. (2014) Indirect 
calorimetry 
Resting, colouring, Lego® 
building, Wii Sports® games, 











VA: vertical axis; VM: vector magnitude; ROC: developed using receiver operating curve analysis; REG: developed using regression analysis; AUC: area 
under the curve; SB: sedentary behavior; LPA: light-intensity physical activity; MPA: moderate-intensity physical activity; VPA: vigorous-intensity physical 
activity.  
Duncan et al. (2016) n = 15 
Range = 5-8 yr 
Mean age = 6.8 yr 
60% boys, 40% girls 
Phillips et al. (2013) Indirect 
calorimetry 
Lying supine, seated playing 
with Lego, slow walking, 
medium walking, fast walking, 
medium run 
SB: AUC = 0.970, Se = 92%, Sp = 90% 
LPA: AUC = 0.621, Se = 81%, Sp = 56% 
MPA: AUC = 0.815, Se = 97%, Sp = 83% 
VPA: AUC = 0.974, Se = 96%, Sp = 84% 




2.3.4.3 Activity monitors that combine accelerometry and physiological sensors 
Various studies (Arvidsson et al. 2007, 2009b; Dorminy et al. 2008) have validated different 
models of the multi-sensor SenseWear activity monitor (SenseWear Armband Pro, SenseWear 
Armband Pro2 and SenseWear Armband Pro3) in combination with different software versions 
(Innerview Software version 4.1 and version 5.1) in samples of 10-14 year-old children (Table 
2.6). Dorminy et al. (2008) included a sample of 10-14 year-olds (n = 21) who performed a 
structured protocol of various activities inside a room calorimeter. Arvidsson and colleagues 
performed two validation studies (Arvidsson et al. 2007, 2009b) in which different samples of 
11-13 year-olds (n = 20 and n = 14, respectively) performed a range of activities during different 
activity protocols, using indirect calorimetry as the criterion measure. While Dorminy et al. 
(2008) demonstrated that Innerview Software version 4.1 overestimated energy expenditure, 
Arvidsson et al. (2007, 2009b) reported that Innerview Software version 5.1 underestimated 
energy expenditure, which increased with increasing intensity.  
 
The company continued to upgrade the proprietary algorithms as new data were integrated into 
their pattern recognition system, which makes it important to evaluate the accuracy of the most 
recent versions of the software. Various laboratory and free-living validation studies (Arvidsson 
et al. 2009a; Calabro et al. 2013; Calabro et al. 2009; Lee et al. 2016) have reported consistent 
improvement for estimating energy expenditure when comparing the accuracy of previous 
software versions with more recent upgrades (Table 2.5). Studies were conducted in samples 
of 7-16 year-olds and used doubly labelled water as the criterion measure in free-living 
individuals, or indirect calorimetry in laboratory settings.  
 
Both Calabro et al. (Calabro et al. 2013) and Lee et al. (Lee et al. 2016) validated the most 
recent model SenseWear Mini and compared previous algorithms (version 2.2) from the 




SenseWear software with upgraded algorithms (versions 5.0 and 5.2, respectively). Calabro et 
al. (2013) reported a 6.6% improvement in the accuracy of energy expenditure estimates in 11-
16 year-old free-living individuals (n = 28), while using doubly labelled water as the criterion 
measure. However, the use of this criterion measure is limited in that the intensity of physical 
activity cannot be assessed (Trost 2007), which is important to understand if errors in estimates 
of energy expenditure differ for different physical activity intensities. Lee et al. (2016) included 
a sample of 7-13 year-olds (n = 45) and used an ecological design to simulate real-world 
conditions, by selecting 12 out of a larger pool of 24 activities, which were completed in a 
random order. Lee et al. (2016) reported a 14.4% improvement in the accuracy of energy 
expenditure estimates for the upgraded algorithms version 5.2, compared to the previous 
version 2.2. Although the ecological design was a strength of the study, this resulted in a small 
sample size for nine activities (n < 20), and girls were underrepresented in the sample (24.4%). 
Furthermore, the most recent upgrade of the SenseWear algorithms (version 5.2) has not been 
validated in children younger than 7 years of age, and thus more validation studies are required. 
 
  




Table 2.6 Validation studies for the multi-sensor activity monitor SenseWear in school-aged children 
Author Sample Algorithms Criterion Measure Activities Validity 
Dorminy et al. (2008) n = 21 
Range = 10-14 yr 
Mean age = 11.6 yr 






24-h stay in WRC: sedentary 
behaviours, 
treadmill exercise, rest 
periods, and sleep 
SenseWear Armband overestimated energy 
expenditure with 116% to 143%  
Arvidsson et al. (2007) n = 20  
Range = 11-13 yr 
Mean age = 12.1 yr 
55% boys, 45% girls 
Innerview Software 
version 5.1 
Indirect calorimetry Sitting, playing games on a 
mobile phone, stepping up 
and down, bicycling on a 
stationary bike, jumping on a 
trampoline at a self-set pace, 
playing basketball 
The SenseWear Armband underestimated 
the energy cost of most activities in 
children, an underestimation that increased 
with Increased physical activity intensity 
(errors: -14.8 - 1.3 kJ/min) 
Arvidsson et al. (2009a) n = 14  
Age range = 11-13 yr 
Mean age = 12.3 yr 




Indirect calorimetry Resting, sitting, stationary 
bicycling, jumping on a 
trampoline, playing 
basketball, stair walking, and 
walking/running 
along a 50-m track 
SenseWear Armband underestimated 
energy expenditure (4.5 kJ/kg/min) for 
most activities and underestimation 
increased with increasing intensity 
Arvidsson et al. (2009b) n = 20  
Age range = 14-15 yr 
Mean age = unknown 
45% boys, 55% girls 
Innerview Software 




Free-living InnerView 6.1 decreased the mean (sd) 
difference to doubly labelled water from 17 
(20) (P< 0.01) to 10 (21) (P < 0.05) kJ/kg/d 
Calabro et al. (2009) n = 21  
Age range = unknown 
Mean age = 9.4 yr 
66.7% boys, 33.3% 
girls 
Innerview Software 
version 4.2 versus 
version 6.1 
Indirect calorimetry Resting, coloring, playing 
computer games, walking on 
a treadmill (2, 2.5, 
and 3 mph), and stationary 
bicycling 
The original algorithms overestimated 
energy expenditure by 32%, but average 
error with the newly developed algorithm 
was only 1.7% 




WRC: whole room colorimeter; MAPE: mean absolute percentage error. 
  
Calabro et al. (2013) n = 28  
Age range = 11-16 yr 
Mean age = 12.4 yr 
53.6% boys, 46.4% 
girls 
SenseWear Software 
version 7.0 (algorithms 




Free-living MAPE considerably lower with the 5.0 
(SenseWear Armband: 10.9%; SenseWear 
Mini: 11.7%) than for the 2.2 algorithm 
(SenseWear Armband: 20.7%; SenseWear 
Mini: 18.3%) 
Lee et al. (2014) n = 45 children  
Range = 7-13 yr 
Mean age = 9.6 yr 
75.6% boys, 24.4% 
girls 
SenseWear software 
version 7.0 (algorithms 
version 2.2) vs version 
8.0 (algorithms version 
5.2) 
Indirect calorimetry 12 randomly selected 
activities from a pool of 24 
free-living activities 
Errors for version 5.2 smaller than for 
version 2.2.  
MAPE version 5.2: 17.0 ± 12.1% 
MAPE version 2.2: 31.4 ± 11.1% 




2.3.5 Issues related to the use of activity monitors for measuring physical activity and 
sedentary behaviour in children 
 
To accurately examine the phases of the behavioural epidemiology framework (Sallis et al. 
2000) for physical activity and sedentary behaviour in children, it is important for researchers 
to apply accurate methodologies for the assessment of these behaviours. The most accurate 
methods should be identified in order to improve physical activity and sedentary behaviour 
related research and consistency between studies. Although previous validation studies have 
shown promising results for the use of newer devices and approaches, the number of studies is 
relatively small, and some studies may be influenced by limitations including small samples 
sizes (Duncan et al. 2016), samples with limited age ranges (Crouter et al. 2015; Duncan et al. 
2016), a limited range of laboratory activities (Duncan et al. 2016; Hildebrand et al. 2014; 
Schaefer et al. 2014) or the lack of a valid criterion measure (Hildebrand et al. 2016). Therefore, 
validation studies are required to evaluate and compare newer developments in the objective 
measurement of physical activity, sedentary behaviour and energy expenditure in children, 
including thigh- and wrist-mounted assessment approaches, and multi-sensor devices. As such, 
the general aim of the research described in this thesis was to examine the validity of recent 
developments in activity monitoring and data processing techniques for the measurement of 
physical activity, sedentary behaviour and energy expenditure in children. The aims and 
research questions are described in Table 2.7.  
 




Table 2.7 Aims and research questions for the studies described in this thesis 
Aim 1: To examine the accuracy of thigh-worn activity monitors for classifying sedentary behaviour and physical activity, and for predicting energy expenditure in children 
 Research questions 
Chapter 3 1: What is the accuracy of the activPAL3TM monitor for classifying sitting/lying, standing and stepping and estimating time in each posture? 
 2: What is the accuracy of the activPAL3
TM monitor for detecting breaks in sedentary behaviour? 
Chapter 4 3: What is the accuracy of the activPAL3TM proprietary software algorithm for the prediction of energy expenditure (METs)? 
 4: What is the accuracy of activPAL3
TM proprietary software algorithm for classifying MVPA? 
Aim 2: To examine the accuracy of wrist cut-points for the classification of sedentary behaviour and moderate- to vigorous-intensity physical activity intensities in children. 
 Research questions 
Chapter 5 5: What is the accuracy of ActiGraph and GENEActiv wrist acceleration cut-points for classifying and estimating time in sedentary behaviour? 
 
6: What is the accuracy of sedentary ActiGraph and GENEActiv wrist cut-points for assessing sedentary behaviour relative to the hip-mounted ActiGraph and 
the thigh-mounted activPAL3TM? 
Chapter 6 7: What is the accuracy of GENEActiv wrist acceleration cut-points for classifying MPA, VPA and MVPA, and for estimating time spent in physical activity 
intensities? 
Aim 3: To examine the accuracy of multi-sensor activity monitors to predict energy expenditure in children 
 Research questions 
Chapter 7 9: What is the accuracy of the most recent upgrade of the SenseWear Mini algorithms (version 5.2) for predicting energy expenditure, compared to the previous 
algorithms (version 2.2)? 





Validation of thigh-based accelerometer estimates of 
postural allocation in 5-12 year-olds 
 
 
This chapter has been published as: 
 
van Loo CMT, Okely AD, Batterham MJ, Hinkley T, Ekelund U, Brage S, Reilly JJ, Jones R, 
Janssen X, Cliff DP. Validation of thigh-based accelerometer estimates of postural allocation 
in 5-12 year-olds. Journal of Science and Medicine in Sport. 2017. 20(3): 273-277. 
 
Chapter 2 reviewed pertinent literature on the objective measurement of sedentary behaviour 
using thigh-based accelerometry, and identified gaps in the evidence base that formed the aims 
and research questions for this thesis. Chapters 3 and 4 address Aim 1: to examine the accuracy 
of thigh-worn activity monitors for classifying sedentary behaviour and physical activity, and 
for predicting energy expenditure in children. In this chapter, the following research questions 
are investigated: 
RQ1: What is the accuracy of the activPAL3TM monitor for classifying sitting/lying, standing 
and stepping and estimating time in each posture? 











High levels of sedentary behaviours (SB) and prolonged bouts of SB are negatively associated 
with health outcomes in adults (Healy et al. 2011; van der Ploeg et al. 2012), independent of 
the amount of time engaged in moderate- to vigorous-intensity physical activity (MVPA) 
(Helmerhorst et al. 2009). Frequent interruptions in sedentary time could reduce this 
risk.(Dunstan et al. 2012; Peddie et al. 2013) Although some studies among children and 
adolescents(Cliff et al. 2014; Cliff et al. 2013; Mitchell et al. 2012) suggest that the total volume 
or pattern of SB is associated with adverse health outcomes, overall, the evidence among young 
age groups is inconsistent (Cliff et al. 2015; Ekelund et al. 2012; Fröberg & Raustorp 2014). 
The accurate measurement of SB in observational and experimental research in children is 
essential to better understand the potential influence of SB on health outcomes. 
 
Assessing subtle differences between SB and light-intensity physical activity (LPA) using 
traditional hip-mounted accelerometers and cut-point methodologies seems to be difficult, 
because these methods categorise SB based on the lack of movement (Lubans et al. 2011), and 
some LPAs such as standing tend to be misclassified as SB (Janssen & Cliff 2015; Ridgers et 
al. 2012). Activity monitors or data reduction approaches that are sensitive to changes in posture 
offer potential for improved measurement of SB and LPA. An example is the activPAL3TM 
(AP3; PAL Technology Ltd., Glasgow, Scotland), an activity monitor worn on the thigh that 
uses triaxial acceleration data (20Hz) to assess the position and movement of the limb. The AP3 
software uses proprietary algorithms to classify periods spent sitting/lying, standing or stepping. 
Before being used in observational and experimental studies in children, it is important to 
determine if the device accurately detects postures and precisely estimates time spent sedentary 




sand non-sedentary. Furthermore, it is important to evaluate the device’s accuracy to detect 
breaks in SB in order to understand their influence on health outcomes. 
 
The uni-axial activPALTM (AP1) has been validated in young children (3-6y) (Davies et al. 
2012a; De Decker et al. 2013; Janssen et al. 2014b), but to our knowledge only one study has 
evaluated AP1 in school-aged children (Aminian & Hinckson 2012). Aminian et al.(2012) 
included 25 participants aged 9-10y who performed 4 sedentary and 7 ambulatory activities, 
plus a selection of 3 activity patterns including sit-to-stand and stand-to-sit transitions to 
simulate real-world conditions. High correlations were found between direct observation (DO) 
and time spent in different postures and transitions between postures, as estimated by AP1. 
However, correlational approaches can only determine the relative strength of the relationship 
between measurement outcomes and do not provide information about potential systematic 
differences or the agreement between estimates (Altman & Bland 1983; Oliver et al. 2007). 
Data on the measurement agreement or potential systematic bias of the monitor was only 
reported in 4-6y (Janssen et al. 2014b). This study aimed to examine the classification accuracy 
and validity of AP3 for estimating sitting/lying, standing and stepping time and the number of 




Fifty-seven children (5-12y) who were without physical or health conditions that would affect 
participation in physical activity were recruited. The study was approved by the University of 
Wollongong Health and Medical Human Research Ethics Committee. Parental written consent 
and participant verbal assent were obtained prior to participation. 





Participants were required to visit the laboratory on two occasions. Anthropometric measures 
were completed using standardized procedures after which  BMI  (kg/m2) and weight status 
were calculated (Kuczmarski et al. 2002). Children completed a protocol of 15 semi-structured 
activities (Appendix 3.1) from sedentary (e.g. TV viewing, writing/colouring), light (e.g. slow 
walk, dancing), and moderate- to vigorous-intensity (e.g. soccer, running). Activities were 
equally divided over 2 visits and completed in a structured order of increasing intensity for 5 
min, except for lying down (10 min).  
 
The single unit accelerometer AP3 (53 x 35 x 7mm, 15.0g) was placed mid-anteriorly on the 
right thigh and initialised with minimum sitting or upright period of 1s. Event records created 
by the AP3 software were used to classify periods spent sitting/lying, standing or stepping and 
transitions from sit/lie to upright (breaks in SB). 
 
DO was used as the criterion measure. Children were recorded on video completing the 
activities as well as during transitions between activities. A single observer coded all videos 
using Vitessa 0.1 (University of Leuven, Belgium) which generated a time stamp every time a 
change in posture was coded. Subsequently, a second-by-second classification system was 
generated using customised software, in order to synchronise DO data with AP3’s 1s epochs. 
Every second following the time stamp inserted by the observer was classified the same as the 
posture occurring at the time stamp itself until the next time stamp was created, indicating that 
the child’s posture had changed. Postures were coded as sitting/lying (gluteus muscles resting 
on ground, feet, legs or any other surface, or lying in prone position), standing (both feet 
touching the ground), “other standing” (e.g. squatting, standing on one foot, kneeling on one or 




two knees), stepping (moving one leg in front of the other, including stepping with a flight 
phase), “other active” (e.g. jumping, sliding/side gallop) and “off screen” for DO. Seconds 
coded as “other standing” were recoded as standing, because these postures required the 
engagement of large postural muscles and did not involve the gluteus muscles resting on any 
surface. Seconds coded as “other active” were recoded as stepping. In the event of two postures 
occurring within the same second in either DO or AP3 data, this second was duplicated at the 
corresponding time point for the AP3 or DO output, in order to evaluate classification accuracy. 
This method was in line with previous validation studies (Davies et al. 2012a; Janssen et al. 
2014b). For estimated time spent in postures, codes of duplicated seconds for either DO (0.02% 
of total DO data) or AP3 (0.04% of total AP3 data) were assigned 0.5 sec to avoid artificially 
inflating the total time observed. The synchronised DO and AP3 epochs were excluded when 
DO was coded as “off screen”, which occasionally occurred when moving between different 
locations during transitions. Videos of 5 randomly selected participants were analysed twice by 
the same observer and once by a criterion observer (the primary author of this manuscript) to 
test inter- and intra-observer reliability. Inter- and intra-observer reliability was examined using 
Cohen’s Kappa and single measure intra-class correlation coefficients (ICC) from two-way 
mixed effect models (fixed-effects = observer; random effects = participants), using the 
consistency definition. Cohen’s Kappa coefficient for inter-observer reliability (the agreement 
between observer and criterion observer) was 0.941. Inter-observer ICC was 0.974 (0.974 - 
0.974) and intra-observer ICC was 0.963 (0.962 - 0.963). 
 
Prior to analyses, participants were divided into two age groups (5-8y and 9-12y) because 
younger and older children potentially engage in and move between sitting, standing and non-
standard postures differently (Davies et al. 2012b; Janssen et al. 2014b). Normality of the data 
was confirmed and analyses were performed for each group. The accuracy of AP3 for 




classifying sitting/lying, standing and stepping was established using sensitivity (true positive 
rate) and specificity (true negative rate), and summarised using a confusion matrix (Provost & 
Kohavi 1998). The equivalence of time estimates between AP3 and DO for each posture was 
examined at the group level using the 95% equivalence test. The methods are equivalent if the 
90% confidence interval (CI) of time estimated by AP3 entirely falls within the predefined 
equivalence region of ±10% of the average time coded by DO (Batterham et al. 2016; Wellek 
2010). Measurement agreement and systematic bias for estimated time spent in postures were 
evaluated at the individual level using Bland-Altman procedures (Altman & Bland 1983). 
Pearson correlations were used to evaluate the ability of AP3 to estimate the relative number of 
SB breaks compared to DO. The difference between the absolute number of SB breaks was 
tested using a paired sample t-test. Analyses were performed using the statistical computing 




Descriptive characteristics of participants are presented in Appendix 3.2. All participants 
completed the protocol and had valid AP3 data. Videos from one of the visits were unavailable 
for 3 children (age 5, 9 and 10y). Out of the remaining 267,952 1s epochs of DO from 5-8y and 
345,226 epochs from 9-12y, 27,493 epochs and 25,042 epochs were coded as “off screen” and 
excluded from analyses, respectively, leaving 240,459 (89.7%) valid epochs for 5-8y and 
320,184 (92.7%) for 9-12y. Mean DO time for 5-8y was 167.0 ± 22.4 min, of which 77.8 ± 12.0 
min was classified as sitting/lying, 26.9 ± 8.6 min as standing and 62.2 ± 9.3 min as stepping. 
Mean DO time for 9-12y was 161.8 ± 26.1 min, of which 73.0 ± 14.3 min, 26.3 ± 8.7 min and 
62.5 ± 10.5 min were classified as sitting/lying, standing and stepping, respectively. 





The sensitivity and misclassifications for AP3 are presented in Table 3.1. Sensitivity of 86.8%, 
82.5% and 85.3% in 5-8y was acceptable for sitting/lying, standing and stepping, respectively. 
In 9-12y, sensitivity of 95.3% was excellent for sitting/lying and sensitivity of 81.5% and 85.1% 
was acceptable for standing and stepping, respectively. Specificity was 98.0%, 87.7% and 
95.1%, for sitting/lying, standing and stepping in 5-8y, respectively, and 97.8%, 92.0% and 
94.7% in 9-12y, respectively. Sitting/lying was misclassified as standing for 11.8% of the time 
in 5-8y, whereas this was only 3.6% in 9-12y. 14.8% and 16.8% of standing was misclassified 
as stepping for 5-8y and 9-12y, respectively. Furthermore, 13.0% and 13.1% of stepping was 
misclassified as standing for 5-8y and 9-12y, respectively. 
 
Table 3.1 Confusion matrix for classification accuracy (sensitivity) of activPAL3TM for 
postures. 
 AP3 
DO Sitting/lying Standing Stepping 
Sitting/lying   
   5-8y 0.868 0.118 0.014 
   9-12y 0.953 0.036 0.011 
Standing    
   5-8y 0.027 0.825 0.148 
   9-12y 0.019 0.813 0.168 
Stepping    
   5-8y 0.017 0.130 0.853 
   9-12y 0.023 0.131 0.846 
DO, Direct Observation; AP3, activPAL3TM 
 
At the group level (Figure 3.1), estimates of AP3 were equivalent to DO for sitting/lying time 
in 9-12y (p<0.001) and stepping time in both age groups (5-8y, p=0.004; 9-12y, p=0.001). 
Estimated sitting/lying time in 5-8y and standing time in both age groups were not equivalent 




to DO (p>0.05). Bland-Altman procedures (Figure 3.2) demonstrated underestimation for 
sitting/lying time in both age groups. The mean difference in 5-8y was 12.6% (limits of 
agreement [LoA]: -39.8-14.7%), however the difference and LoA in 9-12y were considerably 
smaller (1.4%, LoA: -13.8-11.1%). Stepping time was underestimated in both age groups (5-
8y, mean difference: 6.5%, LoA: -18.3-5.3%; 9-12y, mean difference: 7.6%, LoA: -16.8-1.6%), 
whereas the overestimation for standing time was considerably larger (5-8y, mean difference: 
36.8%, LoA: -16.3-89.8%; 9-12y, mean difference: 19.3%, LoA: -1.6-36.9%). At the individual 
level, LoAs were notably wider for sitting/lying and standing time in 5-8y, whereas LoA for 
stepping time was similar for both age groups. No systematic bias was found for the postures 
(p>0.05). Although the correlation of the number of SB breaks detected by AP3 was significant 
(5-8y, Pearson’s r=0.73, p<0.001; 9-12y, Pearson’s r=0.81, p<0.001), the absolute number of 
breaks was overestimated for both age groups, but more so for 5-8y (AP3: 24.2 ± 8.6, DO: 15.8 
± 4.6, p < 0.001) than 9-12y (AP3: 15.4 ± 5.1, DO: 12.0 ± 3.4, p < 0.001). 
  






Figure 3.1 95% equivalence test for estimated time spent sitting/lying, standing and stepping. Times 
estimated by activPAL3TM (AP3) are equivalent to direct observation (DO) if 90% confidence intervals 




















Figure 3.2 Bland-Altman plots with 95% limits of agreement for time spent sitting/lying (a: 5-8y, b: 9-12y), standing (c: 5-8y, d: 9-12y) and stepping (e: 5-8y, 
f: 9-12y). DO: direct observation, AP3: activPAL3TM. Mean bias was calculated as percentages proportionally to the magnitude of the measurements using 
DO-AP3; a positive value indicates underestimation of time spent in the posture by AP3; a negative value indicates overestimation of time spent in the posture 
by AP3.  






AP3 demonstrated acceptable sensitivity and specificity for classifying postures in both age 
groups. Time spent sitting/lying and stepping was slightly underestimated in 5-8y (~6-13%) 
and 9-12y (~2-8%), however measurement errors lay within a conventional range of ±10% of 
the criterion for sitting/lying time in 9-12y and for stepping time in both age groups. Standing 
time was overestimated in both younger (36.8%) and older (19.2%) children and was not 
equivalent to DO. At the individual level, wide LoA was found for sitting/lying time and very 
wide LoA for standing time in 5-8y. Less individual variability was found for sitting/lying time 
in 9-12y, however the LoA for standing in this age group was also considerably wide. The 
absolute number of breaks in SB was statistically overestimated by AP3, although the difference 
for 9-12y (28.3%) was smaller than for 5-8y (53.2%). A significant correlation was present 
between breaks detected by AP3 and DO in both age groups. 
 
Aminian et al. (2012) reported a perfect correlation (r = 1.00) in 9-10 year-olds (n  = 25) 
between AP1 and DO for time spent sitting/lying, standing and walking including activity 
patterns, and a high correlation for transition counts (r = 0.99). However, no information was 
presented on potential measurement errors and/or systematic bias. Although the accurate 
assessment of postural allocation in our study was in line with the high correlation between 
AP1 and DO in the previous study, AP3 estimated time spent standing less accurately and the 
individual-level error for time spent sitting/lying in 5-8y and standing in both age groups was 
substantial.  
 




Compared to previous studies that tested AP1 in pre-schoolers, the sensitivity of AP3 for 
sitting/lying was similar to Janssen et al. (2014b) (87.6%) in 5-8y (86.8%), and similar to 
Davies et al. (2012a) (92.8%) in 9-12y (95.3%). However, sitting/lying in our sample was 
classified more accurately in both age groups compared to SB (sensitivity: 53.8%) reported by 
De Decker et al. (2013) Sensitivity of AP3 for standing in our sample (5-8y: 82.5%, 9-12y: 
81.3%) was lower compared to Davies et al. (2012a) (91.8%), but higher than Janssen et al. 
(2014b) (75.6%). Sensitivity for stepping (5-8y: 85.3%, 9-12y: 84.6%) was higher compared to 
both Davies et al. (2012a) (77.9%) and Janssen et al. (2014b) (52.5%). Errors for estimates of 
time spent in postures in our sample were slightly different to those in studies of pre-schoolers. 
Overall errors for sitting/lying were small in 9-12y in our study (1.4%), as well as in Davies et 
al. (2012a) (-4.4%) and Janssen et al. (2014b) (5.9%), whereas sitting/lying time in 5-8y in our 
study was underestimated by 12.6%. The minimal error for stepping time in our sample was 
consistent with errors in pre-schoolers (no difference (Davies et al. 2012a) and 10.0% (Janssen 
et al. 2014b)). The monitor overestimated standing time in all studies, although the overall 
errors in pre-schoolers were smaller (7.1% (Davies et al. 2012a) and 10.0% (Janssen et al. 
2014b), respectively) compared to 5-8y (36.8%) and 9-12y (19.3%) in the current sample. The 
authors of those studies suggested that misclassifications can be related to sitting being 
misclassified as standing by AP1 (Davies et al. 2012a; Janssen et al. 2014b), which could 
explain the relatively large individual error for sitting/lying time in 5-8y and standing time in 
both age groups in our study. We further investigated the videos and discovered that children 
for whom sitting/lying was overestimated the most were 5-8y. These participants were seated 
on the edge of a chair with legs outstretched during the rest periods between activities, causing 
AP3 to misclassify the posture as standing. This aligns with previous reports (Davies et al. 
2012a; Janssen et al. 2014b) suggesting that the non-standard postures that children sometimes 
engage in might influence sit/lie misclassification by the monitor. 





The absolute number of SB breaks estimated by AP3 in our study was significantly 
overestimated by 8.4 breaks (53.2%) in 5-8y and 3.4 breaks (28.3%) in 9-12y. AP1 also 
overestimated the number of SB breaks among pre-schoolers by 43.6% (Janssen et al. 2014b) 
and 66.7% (Davies et al. 2012b). The authors suggested that this was related to the impact of 
non-standard postures on the estimates of SB breaks. Davies et al. (2012b) and Janssen et al. 
(2014b) noted that 34.0% and 63.8% of transitions, respectively, were from non-standard 
postures to upright postures. The number of transitions from “other standing” to upright 
postures in our study was 23.2% of the total number of transitions in 5-8y and 36.5% in 9-12y, 
which might not explain the larger overestimation of breaks in 5-8y. However, the definitions 
of non-standard postures in previous studies (Davies et al. 2012b; Janssen et al. 2014b) included 
both non-standard sitting and non-standard standing. Because numerous non-standard postures 
identified in previous research (Davies et al. 2012b) appeared to be more similar to standing 
than sitting, in that they required the activation of large postural muscles (e.g. crouching and 
kneeling up), these were classified separately in our methods as “other standing”. After visual 
inspection of the videos, non-standard sitting postures, which were not coded separately in our 
study, may have contributed to the overestimation of SB breaks. For example, if the child was 
sitting on a chair with thigh parallel to the ground and moved to the edge of the chair with legs 
outstretched (non-standard-sitting), AP3 may have classified this movement as an additional 
break, relative to DO. As suggested by Davies et al. (2012b), the relative assessment of the 
number of SB breaks may be more important than the absolute number for epidemiological 
applications to understand the physiological and health consequences of the breaks. In 
agreement with previous studies in school-aged (Aminian & Hinckson 2012) and pre-schoolers 
(Davies et al. 2012b), our study demonstrated a significant correlation for SB breaks assessed 




by AP3 and DO in both age groups, indicating that AP3 is accurate when evaluating the relative 
number of breaks. 
 
The strengths of this study include the relatively larger sample and the wider age-range of 
participants compared to previous studies (Aminian & Hinckson 2012; Davies et al. 2012a; 
Janssen et al. 2014b). Furthermore, a wider range of non-ambulatory activities was included 
compared to the activity protocol used previously with school-aged children (Aminian & 
Hinckson 2012). Data from the entire activity protocol in our study were analysed including 
transitions between activities, resulting in a high time resolution, with the aim to include data 
of natural behaviours and changes in postures. The analyses of classification accuracy and 
measurement agreement at the group and individual level provided more insight into the 
magnitude and source of potential measurement errors, relative to previous analyses in school-
aged children. Findings in this study, however, need to be confirmed in free-living conditions 
as our activity protocol was laboratory-based and might not completely reflect children’s real-
world movement patterns and postures. Furthermore, postural allocation by the criterion 
measure DO might involve some subjectivity, which could have contributed to differences 
between studies. Another consideration is whether or not our analyses, stratified by age group, 
were sufficiently powered to detect statistical equivalence. Post-hoc power calculations 
indicated that a sample size of n = 21, n = 87 and n = 20 for sitting, standing and stepping, 
respectively, in 5-8y and n = 33, n = 96 and n = 24, respectively, in 9-12y was required. In 
equivalence testing, if CI’s clearly demonstrate the methods are not equivalent to the reference 
method, then the sample size is adequate to conclude they are not equivalent. If results are 
ambivalent (CI’s partial crossing of the equivalence region) and the sample size is not adequate, 
the results may be at risk of type 2 error. Therefore, the analyses were slightly under-powered to 









AP3 demonstrated acceptable accuracy for classifying sitting/lying, standing and stepping in 
children. Estimates of stepping time were accurate for 5-8y and 9-12y, whereas estimates of 
sitting/lying time were more accurate in older children. However, AP3 overestimated time 
spent standing and the absolute number of SB breaks. The group-level accuracy suggests that 
surveillance applications of AP3 would be acceptable, however, individual level applications 
might be less accurate. 
  






Table 3.2 Activity Protocol 
Activity 
Type 
Activity Trial Intensity Description of Activity Trial 
Resting Lying down Sedentary Lying down awake on a mattress in supine position - arms at 
sides - rest for 10 min. 
Sitting TV viewing Sedentary Watching a movie in a comfortable chair. Instructed to 
minimise body movements. 
 Handheld e-game Sedentary Sitting on a chair at a desk playing an e-game on a handheld 
device. 
 Writing/colouring Sedentary Sitting on a chair at a desk, 5-8 y: colouring on paper using 
pencils, 9-12 y: copying words on a pad of paper using a 
pencil. 
 Computer game Sedentary Sitting on a chair at a desk playing an educational computer 
game. 
Lifestyle Getting ready for 
school 
Light Get dressed, set table, pour food, pack up, brush teeth, pack 
bag, leave for school. 
 Standing class 
activity 
Light Standing activities with minimal movement such as 
writing/drawing on a white board. 
 Dancing  Light Following a video with dance step instructions (Zumba® 
fitness). 
 Tidy up  Moderate Tidying up a 4x5 m area: pick up clothes, towels, toys and 
sport equipment and return them into boxes. 
 Basketball Moderate Shooting a basketball using a 2.29 m adjustable hoop, chase 
the ball within a 4.9x4.6 m area and bounce back to the start 
position at the boundary line apposite from the hoop. 
 Soccer Vigorous Kicking a foam soccer ball on a 5 m distance between a 1 m 
wide goal after dodging between a straight line of 5 cones (1 
m apart). Instructed to jog back to start position after kicking 
the ball. 
 Locomotor course Vigorous Continuously completing a course including 4x 2-foot jump, 
jogging and sliding between cones around a 4x9.5 m area. 
Ambulatory Slow walk Light Walking slowly at a self-selected comfortable speed around a 
45 m indoor track. Examiner regulates constant speed by 
recording lap times. 
 Brisk walk Moderate Walking briskly at a self-selected brisk comfortable speed 
around a 45 m indoor track. Examiner regulates constant speed 
by recording lap times. 
  Running Vigorous Run at a self-selected comfortable speed around a 45 m indoor 
track. Examiner regulates constant pace by speed lap times. 
All activities are completed for 5 min except for lying down (10 min) 






Table 3.3 Participants' characteristics 
 
5-8y 
(n = 25) 
9-12y 
(n = 32) 
Total 
(n = 57) 
Age (y) 7.0 ± 1.2 10.9 ± 1.2 9.2 ± 2.3 
Sex 
   
  Boys (n) 11 (44.0%) 17 (53.1%) 28 (49.1%) 
  Girls (n) 14 (56.0%) 15 (46.9%) 29 (50.9%) 
Height (cm) 123.0 ± 8.9 146.0 ± 9.2 135.9 ± 14.6 
Body mass (kg) 24.1 ± 4.0 39.4 ± 9.9 32.7 ± 10.9 
BMI percentile 52.8 ± 24.3 53.5 ± 31.9 53.2 ± 28.6 
  Overweight (n) 2 (8.0%) 5 (15.6%) 7 (12.3%) 
  Obese (n) - 2 (6.6%) 2 (3.5%) 
Race 
   
  Caucasian (n) 24 (96.0%) 30 (93.8%) 54 (94.7%) 
  Asian (n) 1 (4.0%) 2 (6.2%) 3 (5.3%) 
Characteristics of the participants are presented as mean ± SD, distributions of the sample are 





Predictive validity of a thigh-worn accelerometer 
METs algorithm in 5- to 12-year-old children 
 
This chapter has been published as: 
 
van Loo CMT, Okely AD, Batterham MJ, Hinkley T, Ekelund U, Brage S, Reilly JJ, Peoples 
GE, Jones R, Janssen X, Cliff DP. Predictive validity of a thigh-worn accelerometer METs 
algorithm in 5-to 12-Year-old children. Journal of Physical Activity and Health. 2016;13:S78-
S83. 
 
Chapter 3 investigated the accuracy of activPAL3TM for assessing postures and sedentary 
behaviour as well as breaks in sedentary behaviour in children, and demonstrated acceptable 
accuracy for classifying sedentary behaviour, although the number of sedentary breaks was 
overestimated. As researchers often need to assess sedentary behaviour and physical activity 
simultaneously, the practical utility of the activPAL3TM would be increase if it could be used 
to assess both behaviours, particularly for large population studies. Therefore, Chapters 4 
addresses Aim 1: to examine the accuracy of thigh-worn activity monitors for classifying 
sedentary behaviour and physical activity, and for predicting energy expenditure in children. In 
this chapter, the following research questions are investigated: 
RQ3: What is the accuracy of the activPAL3TM proprietary software algorithm for the 
prediction of energy expenditure (METs)? 












Accurate measurement of both sedentary behaviors (SB) and moderate- to vigorous-intensity 
physical activities (MVPA) is needed to investigate the independent effect of these behaviors 
on children’s health. It is preferable to use one monitor to objectively measure both behaviors 
to minimize participant burden. The activPAL3TM (PAL Technology Ltd., Glasgow, Scotland) 
is a thigh-worn activity monitor that uses triaxial acceleration data (20Hz) to assess the position 
(with respect to gravity) and movement of the limb. Placement on the thigh assists in 
overcoming difficulties in differentiating between SB and standing or some light-intensity 
physical activities (LPA), which is common to data analysis approaches used with hip-worn 
monitors (Janssen & Cliff 2015). The activPAL3TM software classifies periods spent 
sitting/lying, standing or stepping. For studies of physical activity behaviors and obesity 
prevention in children, it would be useful if activPAL3TM data could also accurately assess time 
spent in MVPA and estimate metabolic equivalents (METs). The activPAL3TM provides a MET 
estimate (TAMETs) using a proprietary algorithm, based on default values for each posture 
combined with step rate and duration of the activity. Previous studies have validated the TAMETs 
algorithm in 4-6 year-olds (Janssen et al. 2014a) and in 15-25 year-old females (Harrington et 
al. 2011). Thigh-accelerometry has shown promising results for assessing SB in 9-10 year-olds 
(Aminian & Hinckson 2012). However, to our knowledge, no studies have evaluated TAMETs 
algorithm in school-aged children. Therefore, the aim of this study was to examine the 










Fifty-seven 5-12y children, without physical or health conditions that would affect participation 
in physical activity, were recruited as part of an activity monitor validation study. The study 
was approved by the University of Wollongong Health and Medical Human Research Ethics 
Committee. Parental written consent and participant verbal assent were obtained prior to 
participation. 
 
Participants were required to visit the laboratory on two occasions. Anthropometric measures 
were completed using standardized procedures after which BMI (kg/m2) and weight status 
(Kuczmarski et al. 2002) were calculated. Children completed a protocol of 14 semi-structured 
5-min activities including SB, LPA, and MVPA, described elsewhere (van Loo et al. 2016b). 
Activities were categorized as SB, LPA and MVPA for descriptive purposes based on the 
Compendium of Energy Expenditure for Youth (Ridley et al. 2008).  
 
At each visit, children were fitted with an activPAL3TM placed mid-anteriorly on the right thigh. 
The activPAL3TM is a small and light-weight (53 x 35 x 7mm, 15.0g) single unit triaxial 
accelerometer. The activPAL3TM software provides an indirect estimate of TAMETs based on 
default values for sitting/lying (1.25 MET), standing (1.40 MET) and stepping at 120 steps per 
minute (4 MET). Energy expenditure for cadences of greater or less than 120 steps per minute 
(spm) are calculated using the formula: MET.h-1 = (1.4 x d) + (4-1.4) x (c/120) x d, in which c 
= cadence (spm), d = activity duration (hours).  Software version 7.2.32 was used to export 
TAMETs in 15-s epochs. 
 




Oxygen consumption (O2) and carbon dioxide production (CO2) were assessed using a portable 
breath-by-breath respiratory gas analysis system (MetaMax®3B, Cortex, Biophysics, Leipzig, 
Germany) to provide resting metabolic rate (RMR) and the criterion assessment of physical 
activity energy expenditure. Prior to every measurement, the analyzer was calibrated according 
to the manufacturer’s guidelines. At the beginning of each laboratory visit, the thigh-
accelerometer and indirect calorimetry (IC) were synchronized with an internal computer clock. 
RMR was measured at the start of the participant’s second visit, while lying down awake on a 
mattress in supine position with the arms at the sides, resting with minimal movement for 10 
min in a darkened room. Breath-by-breath samples from the data collected between minutes 7.0 
and 9.0 were averaged to calculate mean volume of O2. The participants’ measured RMR was 
used to define one MET. Energy expenditure data from the activities were converted into youth 
METs (scaled to the children’s RMR) and averaged over 15-s epochs to align with the thigh-
accelerometry data using customized software.  
 
Normality of the data was confirmed prior to analyses. The predictive validity of TAMETs was 
examined at the group level using the 95% equivalence test. In order to reject the null-
hypothesis of the equivalence test, the 90% confidence interval (CI) of TAMETs should entirely 
fall within the predefined equivalence region of ±10% of the criterion METs assessed by IC 
(Batterham et al. 2016). Measurement agreement and systematic bias for TAMETs were evaluated 
at the individual level using Bland-Altman procedures. Sensitivity, specificity, and area under 
the receiver operating curve (ROC-AUC) were calculated to evaluate the accuracy for 
classifying MVPA. A dichotomous coding system was created using 1 for ≥3METs and 0 for 
<3METs. ROC-AUC values were defined as excellent (0.9-1.0), good (0.8-0.9), fair (0.7-0.8) 
or poor (<0.7) (Metz 1978). Data reduction and statistical analyses were performed using the 
statistical computing language R and SPSS version 19.0. 







Descriptive characteristics of participants are presented in Table 4.1. All participants completed 
the protocol. Data from one child were entirely excluded from the analyses and data from 4 
participants for a total of 9 activities were excluded because of IC failure. Some 15-s epochs 
were partly excluded due to misalignment of thigh-accelerometry data with IC data. A total of 
16,337 epochs were included for analysis, accounting for 98.8% of the total data.  
 
Table 4.1 Descriptive characteristics of the participants 
 





Total 57 9.2 ± 2.3 135.9 ± 14.6  32.7 ± 10.9 17.1 ± 2.5 53.2 ± 28.6  
   Girls 29 8.9 ± 2.1 134.4 ± 14.4  30.6 ± 9.5 16.4 ± 2.1 46.7 ± 26.6  
   Boys 28 9.5 ± 2.4 137.5 ± 14.6  34.8 ± 12.0 17.8 ± 2.8 59.9 ± 29.4  
 
        
5-9y 32 (20F, 12M) 7.5 ± 1.5 126.4 ± 10.5  26.4 ± 6.7 16.2 ± 1.9 54.3 ± 27.3  
10-12y 25 (9F, 16M) 11.3 ± 1.0 148.2 ± 8.8  40.7 ± 10.0 18.2 ± 2.9 51.7 ± 30.6  
BMI, body mass index; y, years; cm, centimeters; kg, kilograms; m, meters; F, female; M, male. 
 
Mean measured METs for SB, LPA and MVPA activities were 1.17 ± 0.08, 2.50 ± 0.78 and 
5.08 ± 1.15, respectively. TAMETs were 1.25 ± 0.0, 2.58 ± 0.94 and 3.80 ± 0.23, respectively. 
Energy expenditure data per activity are presented in Table 4.2 for the complete sample, as well 
as additional data per age group.  




Table 4.2 Energy expenditure by activities for indirect calorimetry and metabolic equivalents for indirect calorimetry and the thigh-
accelerometer. 
 Indirect Calorimetry activPAL3TM 
Activity n kcal/min Min - Max L/min Min - Max ml/kg/min Min - Max METs Min - Max TAMETs Min - Max 
RMR           
   5-12y 56 1.19 ± 0.24 0.81 - 2.15 0.24 ± 0.05 0.17 - 0.42 7.89 ± 1.80 3.59 - 12.09 - - - - 
   5-9y  31 1.06 ± 0.13 0.81 - 1.31 0.22 ± 0.03 0.17 - 0.27 8.57 ± 1.71 5.78 - 12.09 - - - - 
   10-12y 25 1.35 ± 0.26 0.91 - 2.15 0.28 ± 0.05 0.19 - 0.42 7.05 ± 1.57 3.59 - 10.18 - - - - 
TV viewing           
   5-12y 56 1.24 ± 0.25 0.83 - 2.08 0.26 ± 0.05 0.17 - 0.43 8.29 ± 1.73 5.68 - 12.98 1.09 ± 0.16 0.84 - 1.81 1.25 ± 0.01 1.21 - 1.25 
   5-9y 31 1.12 ± 0.16 0.83 - 1.50 0.23 ± 0.03 0.17 - 0.31 9.10 ± 1.61 5.95 - 12.98 1.10 ± 0.14 0.84 - 1.56 1.25 ± 0.01 1.21 - 1.25 
   10-12y 25 1.39 ± 0.27 0.92 - 2.08 0.29 ± 0.06 0.19 - 0.43 7.28 ± 1.31 5.68 - 10.87 1.08 ± 0.18 0.90 - 1.81 1.25 ± 0.00 1.23 - 1.25 
Computer game           
   5-12y 56 1.28 ± 0.25 0.67 - 1.78 0.27 ± 0.05 0.14 - 0.38 8.55 ± 1.80 5.39 - 12.10 1.13 ± 0.18 0.75 - 1.83 1.25 ± 0.02 1.25 - 1.35 
   5-9y 31 1.17 ± 0.19 0.67 - 1.50 0.24 ± 0.04 0.14 - 0.31 9.50 ± 1.64 5.70 - 12.10 1.15 ± 0.17 0.75 - 1.54 1.25 ± 0.01 1.25 - 1.33 
   10-12y 25 1.41 ± 0.26 0.96 - 1.78 0.29 ± 0.06 0.19 - 0.38 7.38 ± 1.23 5.39 - 9.56 1.10 ± 0.20 0.75 - 1.83 1.25 ± 0.02 1.25 - 1.35 
Handheld e-game           
   5-12y 55 1.36 ± 0.25 0.85 - 2.24 0.28 ± 0.05 0.18 - 0.46 9.12 ± 2.18 5.93 - 14.17 1.19 ± 0.18 0.93 - 1.90 1.25 ± 0.00 1.25 - 1.26 
   5-9y 30 1.25 ± 0.17 0.85 - 1.70 0.26 ± 0.04 0.18 - 0.35 10.27 ± 2.10 5.99 - 14.17 1.22 ± 0.16 0.94 - 1.50 1.25 ± 0.00 1.25 - 1.26 
   10-12y 25 1.49 ± 0.28 0.94 - 2.24 0.31 ± 0.06 0.19 - 0.46 7.79 ± 1.37 5.93 - 11.07 1.16 ± 0.20 0.93 - 1.90 1.25 ± 0.00 1.25 - 1.25 
Writing/Coloring           
   5-12y 55 1.44 ± 0.28 0.91 - 2.18 0.30 ± 0.06 0.19 - 0.45 9.71 ± 2.25 5.41 - 15.99 1.27 ± 0.22 0.94 - 2.26 1.25 ± 0.00 1.25 - 1.29 
   5-9y 30 1.33 ± 0.20 0.91 - 1.82 0.28 ± 0.04 0.19 - 0.38 10.86 ± 2.11 7.12 - 15.99 1.30 ± 0.17 1.01 - 1.78 1.25 ± 0.01 1.25 - 1.29 
   10-12y 25 1.58 ± 0.30 1.08 - 2.18 0.33 ± 0.06 0.22 - 0.45 8.28 ± 1.47 5.41 - 12.07 1.24 ± 0.26 0.94 - 2.26 1.25 ± 0.00 1.25 - 1.26 
 
 
          





   5-12y 56 1.70 ± 0.34 1.15 - 2.77 0.35 ± 0.07 0.24 - 0.57 11.34 ± 2.25 7.66 - 16.45 1.50 – 0.23 1.11 - 2.58 1.42 ± 0.02 1.40 - 1.51 
   5-9y 31 1.53 ± 0.24 1.15 - 2.06 0.32 ± 0.05 0.24 - 0.43 12.41 ± 2.07 8.85 - 16.45 1.50 ± 0.19 1.20 - 1.85 1.42 ± 0.02 1.40 - 1.51 
   10-12y 25 1.90 ± 0.34 1.32 - 2.77 0.40 ± 0.07 0.28 - 0.57 10.02 ± 1.71 7.66 - 13.03 1.49 ± 0.27 1.11 - 2.58 1.41 ± 0.01 1.40 - 1.44 
Getting ready           
   5-12y 56 2.81 ± 0.63 1.64 - 4.32 0.59 ± 0.13 0.33 - 0.92 18..64 ± 3.07 13.06 - 24.90 2.49 ± 0.45 1.67 - 4.01 2.20 ± 0.13 1.89 - 2.47 
   5-9y 31 2.52 ± 0.48 1.64 - 3.42 0.53 ± 0.10 0.33 - 0.71 20.17 ± 2.04 15.09 - 24.35 2.48 ± 0.44 1.67 - 3.23 2.23 ± 0.14 1.94 - 2.47 
   10-12y 25 3.18 ± 0.59 1.98 - 4.32 0.66 ± 0.13 0.42 - 0.92 16.75 ± 3.11 13.06 - 24.90 2.50 ± 0.48 1.73 - 4.01 2.16 ± 0.12 1.89 - 2.41 
Slow Walk           
   5-12y 56 3.26 ± 0.66 2.28 - 4.93 0.68 ± 0.14 0.46 - 1.04 21.80 ± 3.86 15.05 - 33.44 2.90 ± 0.50 1.92 - 4.45 3.96 ± 0.23 3.50 - 4.43 
   5-9y 31 2.97 ± 0.47 2.28 - 4.61 0.62 ± 0.10 0.46 - 0.97 24.04 ± 3.24 16.40 - 33.44 2.92 ± 0.42 2.31 - 3.95 4.06 ± 0.22 3.64 - 4.43 
   10-12y 25 3.62 ± 0.70 2.43 - 4.93 0.76 ± 0.15 0.51 - 1.04 19.02 ± 2.55 15.05 - 25.17 2.87 ± 0.60 1.92 - 4.45 3.84 ± 0.19 3.50 - 4.42 
Dancing           
   5-12y 55 3.53 ± 1.22 1.85 - 6.78 0.73 ± 0.25 0.39 - 1.39 22.77 ± 3.85 15.22 - 32.12 3.09 ± 0.85 1.70 - 5.26 2.73 ± 0.31 1.82 - 3.24 
   5-9y 31 2.98 ± 0.93 1.85 - 5.78 0.62 ± 0.19 0.39 - 1.22 23.45 ± 3.94 15.22 - 31.45 2.91 ± 0.82 1.70 - 5.15 2.73 ± 0.36 1.82 - 3.24 
   10-12y 24 4.24 ± 1.21 2.43 - 6.78 0.88 ± 0.25 0.50 - 1.39 21.90 ± 3.62 16.27 - 32.12 3.32 ± 0.86 2.12 - 5.26 2.73 ± 0.24 2.21 - 3.08 
Brisk Walk           
   5-12y 56 3.88 ± 0.95 2.51 - 6.45 0.80 ± 0.19 0.51 - 1.30 25.34 ± 4.05 17.62 - 37.96 3.38 ± 0.63 2.26 - 5.83 4.13 ± 0.18 3.68 - 4.46 
   5-9y 31 3.41 ± 0.61 2.51 - 5.12 0.70 ± 0.12 0.51 - 1.05 27.13 ± 3.66 21.12 - 37.96 3.29 ± 0.44 2.63 - 4.42 4.20 ± 0.16 3.68 - 4.46 
   10-12y 25 4.47 ± 0.99 2.99 - 6.45 0.92 ± 0.20 0.63 - 1.30 23.12 ± 3.41 17.62 - 29.10 3.49 ± 0.81 2.26 - 5.83 4.05 ± 0.17 3.75 - 4.40 
Tidy up           
   5-12y 55 4.07 ± 1.16 2.21 - 7.05 0.85 ± 0.24 0.45 - 1.49 26.31 ± 3.84 19.72 - 36.75 3.57 ± 0.84 2.14 - 7.42 2.98 ± 0.21 2.45 - 3.31 
   5-9y 30 3.52 ± 0.85 2.21 - 6.01 0.73 ± 0.18 0.45 - 1.26 27.72 ± 3.84 20.73 - 36.75 3.42 ± 0.65 2.14 - 4.71 3.06 ± 0.16 2.70 - 3.31 
   10-12y 25 4.74 ± 1.15 2.73 - 7.05 0.99 ± 0.24 0.58 - 1.49 24.63 ± 3.16 19.72 - 30.61 3.75 ± 1.02 2.79 - 7.42 2.87 ± 0.22 2.45 - 3.24 
 
 
          





  5-12y 56 6.66 ± 2.12 2.76 - 11.61 1.36 ± 0.44 0.57 - 2.46 42.18 ± 6.99 21.05 - 59.34 5.68 ± 1.34 2.85 - 10.41 3.87 ± 0.38 3.16 - 4.61 
   5-9y 31 5.28 ± 1.21 2.76 - 7.18 1.08 ± 0.25 0.57 - 1.46 41.59 ± 8.07 21.05 - 59.34 5.05 ± 1.01 2.85 - 6.96 3.75 ± 0.37 3.16 - 4.57 
   10-12y 25 8.37 ± 1.73 5.18 - 11.61 1.72 ± 0.36 1.06 - 2.46 42.92 ± 5.43 33.05 - 52.75 6.47 ± 1.30 4.09 - 10.41 4.02 ± 0.33 3.45 - 4.61 
Locomotor course           
   5-12y 54 7.14 ± 2.28 2.68 - 12.17 1.47 ± 0.47 0.56 - 2.54 45.16 ± 7.63 10.08 - 62.81 6.05 ± 1.20 2.81 - 8.22 3.74 ± 0.16 3.38 - 4.05 
   5-9y 29 5.87 ± 1.34 3.88 - 9.62 1.20 ± 0.27 0.78 - 1.94 45.43 ± 5.68 37.06 - 60.59 5.58 ± 0.91 3.82 - 7.26 3.71 ± 0.16 3.38 - 4.04 
   10-12y 25 8.62 ± 2.26 2.68 - 12.17 1.78 ± 0.47 0.56 - 2.54 44.85 ± 9.52 10.08 - 62.81 6.59 ± 1.28 2.81 - 8.22 3.77 ± 0.16 3.47 - 4.05 
Soccer           
   5-12y 55 7.21 ± 2.08 3.53 - 12.76 1.47 ± 0.44 0.73 - 2.73 46.23 ± 7.06 35.19 - 70.82 6.22 ± 1.42 3.48 - 12.28 3.74 ± 0.29 2.85 - 4.29 
   5-9y 31 6.05 ± 1.41 3.53 - 10.13 1.23 ± 0.29 0.73 - 2.04 47.03 ± 6.27 36.63 - 64.26 5.78 ± 1.18 3.48 - 7.67 3.65 ± 0.26 3.22 - 4.25 
   10-12y 24 8.70 ± 1.87 5.99 - 12.76 1.79 ± 0.40 1.20 - 2.73 45.19 ± 7.99 35.19 - 70.82 6.77 ± 1.53 4.29 - 12.28 3.86 ± 0.30 2.85 - 4.29 
Basketball           
   5-12y 54 6.64 ± 2.15 3.27 - 11.65 1.36 ± 0.44 0.66 - 2.33 41.44 ± 5.99 28.83 - 54.42 5.65 ± 1.41 2.97 - 11.44 3.51 ± 0.27 2.84 - 4.00 
   5-9y 29 5.29 ± 1.36 3.27 - 7.90 1.08 ± 0.27 0.66 - 1.59 40.89 ± 6.10 28.83 - 54.42 5.06 ± 1.15 2.97 - 7.04 3.40 ± 0.28 2.84 - 3.84 
   10-12y 25 8.19 ± 1.81 5.24 - 11.65 1.69 ± 0.37 1.10 - 2.33 42.07 ± 5.93 30.68 - 52.00 6.33 ± 1.39 4.27 - 11.44 3.64 ± 0.20 3.26 - 4.00 
Mean volume of oxygen consumption and carbon dioxide production were converted into units of energy expenditure (kcal/min) using the Weir equation (Weir 1949). RMR, 




Statistical analyses were performed for the complete sample (5-12y) only (Table 4.3). At the 
group level, TAMETs were significantly equivalent to IC for handheld e-game (p = 0.01), 
writing/coloring (p < 0.01) and standing (p = 0.01). All other activities were not equivalent to 
IC (p > 0.05). Mean TAMETs were underestimated by 7.1% ± 25.9%. TAMETs for SB were 
slightly overestimated by the algorithm (7.9% ± 6.7%). TAMETs for slow walk were 
overestimated by 32.0%; however, TAMETs for all other LPAs were underestimated by 4.2%-
10.9%, resulting in a small overestimation of mean TAMETs (1.9% ± 20.2%) for LPA. TAMETs 
for brisk walk were also overestimated (21.2%), whereas TAMETs for the remaining MVPA 
activities were underestimated by 34.4-47.3%. On average, TAMETs for MVPA were 
underestimated by 27.7% ± 26.6%. Limits of agreement were wide for all activities, indicating 
large individual error. Systematic bias was found for all activities (p < 0.001), with larger 
overestimation for low intensities and larger underestimation for high intensities (Figure 4.1). 
However, TAMETs exhibited good classification accuracy for MVPA (ROC-AUC = 0.85, 
sensitivity = 0.84, specificity = 0.87).  
 
  




Table 4.3 Statistical analyses for the measurement agreement of metabolic equivalents 
for indirect calorimetry and the thigh-accelerometer 
  Equivalence testinga  Bland-Altman analysisb 




p-value  Mean 
bias (%) 
95% LoA Slope p-
value 
TV 56 1.25 – 1.25 0.98 – 1.20 0.992  -14.50 -39.13 – 10.12 0.0001 
Computer game 56 1.25 – 1.26 1.02 – 1.24 0.715  -11.80 -42.58 – 18.99 0.0001 
Handheld e-
game 55 
1.25 – 1.25 1.07 – 1.31 0.011  -6.00 -34.00 – 22.06 0.0001 
Writing/coloring 55 1.25 – 1.25 1.14 – 1.40 0.000   0.61 -29.64 – 30.86 0.0001 
Standing activity 56 1.41 – 1.42 1.35 – 1.65 0.011   4.21 -23.21 – 31.63 0.0001 
Getting ready 56 2.17 – 2.23 2.24 – 2.74 0.752   10.86 -25.34 – 47.06 0.0001 
Slow walk 56 3.91 – 4.01 2.61 – 3.19 1.000  -32.02 -64.93 – 0.89 0.0001 
Dancing 55 2.66 – 2.80 2.78 – 3.40 0.684   9.24 -33.03 – 51.50 0.0001 
Brisk walk 56 4.09 – 4.17 3.04 – 3.72 1.000  -21.24  17.36 – 12.77 0.0001 
Tidy up 55 2.93 – 3.02 3.21 – 3.93 0.979   15.82 -25.61 – 57.24 0.0001 
Basketball 54 3.45 – 3.57 5.00 – 6.12 1.000   43.88  18.36 – 79.87 0.0001 
Running 56 3.79 – 3.96 5.11 – 6.25 1.000   35.35 -6.41 – 77.11 0.0001 
Locomotor 
course 54 
3.70 – 3.77 5.11 – 6.25 1.000   44.92  5.00 – 84.83 0.0001 
Soccer 55 3.67 – 3.80 5.60 – 6.84 1.000   47.26  9.29 – 85.22 0.0001 
LoA, limits of agreement; CI, confidence interval; IC, indirect calorimetry; TAMETs, metabolic equivalence for the thigh-
accelerometer activPAL3TM. a 95% equivalence test for TAMETs. Methods are equivalent if 90% confidence intervals lie 
entirely within the equivalence region of indirect calorimetry. b Mean bias was calculated as: measured METs – TAMETs; 




This study demonstrated that TAMETs were significantly equivalent to IC for handheld e-game, 
writing/coloring and standing at the group level, whereas no other activities were equivalent to 
IC. Overall, TAMETs for SB were slightly overestimated compared to measured METs. TAMETs 




for slow and brisk walking were also overestimated with a larger error. TAMETs for the 
remaining LPAs were slightly overestimated compared to measured METs, whereas TAMETs 
for the remaining MVPA activities were underestimated by a larger amount. Considerable error 
was demonstrated at the individual level for all activities. Although TAMETs for MVPA were 
underestimated, classification accuracy was acceptable. 
 
Our findings were consistent with previous studies in pre-school children (Janssen et al. 2014a) 
and 15-25 year-old females (Harrington et al. 2011). These studies reported an overall 
underestimation of 15% and 11% for TAMETs using thigh-accelerometry, respectively. Although 
the results in our study demonstrated an overall underestimation of TAMETs, the mean bias was 
slightly smaller (7.1% ± 25.9%) than previous studies. Janssen et al. (2014a) reported an 
overestimation of 6% for SB and an underestimation of 15.3% and 32.8% for LPA and MVPA, 
respectively, among 4-6 year-old children. These values are similar to an overestimation of 
7.9% for SB in our study and underestimation of 27.7% for MVPA. In contrast with Janssen et 
al. (2014a), we found an overestimation of 1.9% for LPA. However, when excluding slow walk, 
the TAMETs for remaining LPAs were underestimated by 4.2%-10.9%. Harrington et al. (2011) 
demonstrated that TAMETs during walking at lower speed was overestimated, whereas TAMETs 
during higher walking speeds were underestimated. This is in line with the overestimation at 
the lower intensities and underestimation during higher intensities found in our study and by 
Janssen et al. (2014a) The overestimated TAMETs during over-ground brisk walk in our study 
seems to contradict the findings from Harrington et al. (2011) at higher treadmill walking 
speeds, which might be explained by differences in the age of the samples and protocols. 
Despite the underestimation of TAMETs for MVPA activities, the algorithm showed good 
classification accuracy for this intensity when using a 3-MET threshold. This was likely because 
the 15-s MET values were consistently underestimated, but were typically above 3 METs and 




so accurately categorized as MVPA. Therefore, the monitor might be appropriate to use for 
classification of MVPA in combination with estimating SB in school-aged children.  
 
As suggested in previous studies (Harrington et al. 2011; Janssen et al. 2014a), the predictive 
validity of the proprietary algorithm might be affected because step rate is included as the only 
independent variable. A study by Aminian et al. (2012) validated the step count function of the 
monitor in 9-10 year old children. Step counts were overestimated in over-ground fast walking, 
which might explain the overestimated TAMETs during this activity in our protocol. Other 
potential predictors such as thigh-accelerometry counts (Harrington et al. 2011), in addition to 
age, height and weight might improve accuracy. 
 
A strength of this study is the large sample size including a broad age range and a wide range 
of semi-structured lifestyle activities. A potential limitation was that RMR values were 
measured pre-exercise and might not reflect true rest. Furthermore, findings in this study need 




This study in school-aged children suggests that the TAMETs algorithm performed reasonably 
well at the group level for some SB activities and standing, but estimates were inaccurate for 
higher intensities and large variability was found at the individual level. Therefore, the 
algorithm may need further development and improvement before it can be used to accurately 
estimate METs. Although estimates of METs were inaccurate for MVPA, classification 




accuracy for MVPA was good when using a 3 METs threshold. This suggests that the TAMETs 
algorithm may be suitable for classifying MVPA in school-aged children. 
  







Figure 4.1 Bland-Altman plots with 95% limits of agreement for sedentary (a), light- (b) and moderate- to vigorous-intensity (c) physical activities. 
Mean bias was calculated as: measured METs – TAMETs; a positive value indicates underestimation of TAMETs; a negative value indicates 
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Chapter 3 investigated the accuracy of activPAL3TM for assessing sedentary behaviour and 
physical activity in children. Although thigh placement appears appropriate for assessing 
sedentary behaviour, recent large scale population studies in children have sought to increase 
compliance by placing activity monitors on the wrist like a watch. Numerous cut-points have 
been developed to convert wrist acceleration data into estimates of sedentary behaviour. 
However, cut-points have not yet been evaluated simultaneously, or against alternative 
monitoring options such placement at the hip or thigh. Chapters 5 addresses Aim 2 of this thesis: 
To examine the accuracy of wrist cut-points for the classification of sedentary behaviour and 
moderate- to vigorous-intensity physical activity in children. In this chapter, the following 
research questions are investigated:  
RQ5: What is the accuracy of ActiGraph and GENEActiv wrist acceleration cut-points for 
classifying and estimating time in sedentary behaviour? 
RQ6: What is the accuracy of sedentary ActiGraph and GENEActiv wrist cut-points for 












Sedentary behaviors (SB) are defined as any waking behaviors in a sitting or reclining position 
that require an energy expenditure of ≤1.5 metabolic equivalents (Sedentary Behaviour 
Research Network 2012). Although some studies among children and adolescents suggest that 
the total volume or pattern of SB is associated with adverse health outcomes, independent of 
moderate- to vigorous-intensity intensity physical activity (MVPA) (Cliff et al. 2014; Cliff et 
al. 2013; Mitchell et al. 2012), overall the evidence appears to be inconsistent (Cliff et al. 2015; 
Ekelund et al. 2012). Accurate measures of SB are essential for both observational and 
experimental research to further investigate the influence of SB on health outcomes, as well as 
the prevalence and determinants of SB, and the effectiveness of interventions to reduce SB.  
 
Accelerometry is the method of choice for objectively measuring the amount and patterning of 
SB in children (Trost 2007) and various accelerometers are available for placement on different 
body locations (e.g. hip, wrist or thigh) (Janssen & Cliff 2015). Hip-mounted accelerometers 
have commonly been used in children (Trost 2007), with cut-point approaches typically applied 
to define SB (Janssen & Cliff 2015). For example, large population surveys, such as the 
National Health and Nutrition Examination Study (NHANES) 2003-2004 incorporated hip-
worn ActiGraph accelerometers and SB time was estimated using a <100 counts/minute 
threshold (Matthews et al. 2008). However, concerns about low participant compliance to 
accelerometry protocols and subsequent data loss have resulted in a shift from hip to wrist 
placement (Freedson & John 2013). NHANES 2011-2014 (Troiano et al. 2014) incorporated 
wrist-worn accelerometers and the data from this study and other initial reports (Fairclough et 
al. 2016; Rowlands et al. 2014b) indicate that wrist-placement results in increased wear time 
due to greater compliance, which in turn leads to greater confidence that the data are 




representative of daily physical activity and SB. The ActiGraph (ActiGraph LLC, Pensacola 
Beach, FL) and GENEActiv (ActivInsights Ltd., Cambridge, UK) are accelerometer-based 
motion sensors typically worn on the hip or wrist. Thresholds or cut-points have been developed 
for the wrist-worn ActiGraph (Chandler et al. 2015; Crouter et al. 2015; Kim et al. 2014) and 
GENEActiv (Phillips et al. 2013; Schaefer et al. 2014) to classify SB in children. The wrist cut-
points were developed using different age groups, sample sizes and activity protocols, which 
results in variations in the cut-points used to classify SB. For example, wrist cut-points 
developed for ActiGraph’s vertical axis (VA; x-axis) range from 35 counts[c]/5s (Crouter et al. 
2015) to 202c/5s (Chandler 2016, pers.comm., 6 February). Using different accelerometer 
models, placing them at different body locations, and applying different cut-points, results in 
considerable differences in estimates of SB (Janssen & Cliff 2015; Rowlands et al. 2014b), 
which makes it difficult to compare outcomes between studies and examine the epidemiology 
of SB. Therefore, comparison of these assessment methods is needed. Rowlands et al. (2014b) 
compared free-living SB estimates from a GENEActiv (Phillips et al. 2013) signal vector 
magnitude (SVM) wrist cut-point (PhillipsSVM: right wrist, <6gs; left wrist, <7gs) with the 
widely used ActiGraph hip cut-point for VA (Evenson: ≤25c/15s) (Evenson et al. 2008) in a 
sample of free-living 10-12 year-olds (Rowlands et al. 2014b). This study reported that the 
outcomes from these monitors were highly correlated, however, sedentary time estimated by 
PhillipsSVM was significantly lower (9.6%) than estimates from the ActiGraph hip cut-point. 
Because the study did not have a criterion measure of SB, the level of error from each measure 
is unknown. Furthermore, the relative validity of the range of GENEActiv and ActiGraph wrist 
cut-points remains unknown, because only one accelerometer model and one cut-point for the 
wrist were evaluated.  
 




It is also important to evaluate the validity of recent SB wrist cut-points against alternative 
objective measures to understand the accuracy of newer approaches relative to other options 
for assessing SB. One alternative method is thigh-mounted accelerometry, such as the 
activPAL3TM (PAL Technology Ltd., Glasgow, UK) posture detection system, which classifies 
periods spent sitting/lying, standing or stepping. Because of the monitor's placement on the 
thigh, it uses the orientation (angle to vertical) of the thigh to accurately estimate SB (van Loo 
et al. 2017), rather than simply the movement intensity measures used in traditional hip-based 
cut-point approaches which have difficulties differentiating between standing and sitting 
(Janssen & Cliff 2015; Lubans et al. 2011). Whether or not wrist-based cut-point approaches 
provide equally accurate estimates of SB relative to alternative approaches such as hip- or thigh-
based accelerometry is unclear and requires further investigation. Furthermore, it is important 
to evaluate the accuracy of the wrist cut-points to detect breaks in SB in order to understand 
their influence on health outcomes. 
 
To our knowledge, no comprehensive validation studies have been conducted in children in 
which sedentary wrist cut-points for the ActiGraph or GENEActiv have been evaluated 
simultaneously during a standardised activity protocol, against a criterion measure and 
alternative objective measures of SB. Therefore, the aims of this study were to examine the 
classification accuracy and validity of sedentary wrist cut-points for ActiGraph and 
GENEActiv, relative to the hip-mounted ActiGraph (Evenson: ≤25c/15s) and the thigh-
mounted activPAL3TM, using direct observation as the criterion measure in 5-12 year-olds. 
Based on evidence that the thigh-mounted activPAL3TM demonstrated acceptable accuracy for 
classifying SB in school-aged children (van Loo et al. 2017) and that traditional hip-based 
accelerometers tend to overestimate time spent in SB (Janssen & Cliff 2015), and the 
assumption that wrist cut-points might have similar difficulties as hip cut-points in 




discriminating between standing and sitting, it was hypothesized that the most accurate wrist 
cut-points would demonstrate similar accuracy as the hip cut-point for assessing SB, but lower 





Fifty-seven children aged 5-12y who were without physical or health conditions that 
would affect participation in physical activity were recruited as part of an activity monitor 
validation study. The study was approved by the University of Wollongong Health and Medical 
Human Research Ethics Committee. Written parental consent and participant assent were 
obtained prior to participation. 
Procedures 
Participants were required to visit the laboratory on two occasions. Anthropometric 
measures were completed during the first visit using standardised procedures while children 
were wearing light clothing and with shoes removed. BMI (kg/m2) and weight status were 
calculated (Kuczmarski et al. 2002). Children completed a protocol of 15 semi-structured 
activities from sedentary (lying down, TV viewing, handheld e-game, writing/coloring, 
computer game), light (getting ready for school, standing class activity, slow walk, dancing), 
and moderate- to vigorous (tidy up, brisk walk, soccer, basketball, running, locomotor course) 
intensity (Appendix 5.1). Activities were equally divided over 2 visits and completed in a 
structured order of increasing intensity for 5 min, except for lying down (10 min).  
 




At each visit, children were fitted with an ActiGraph GT3X+ on the right hip (midaxilla line at 
the level of the iliac crest) with an elastic belt, and an ActiGraph GT3X+ and a GENEActiv 
dorsally on each wrist. The distal and proximal position of the ActiGraph and GENEActiv 
monitors on each wrist was alternated for each participant to avoid placement effects. An 
activPAL3TM was placed mid-anteriorly on the right thigh.  
 
Activity monitors 
The ActiGraph GT3X+ is a tri-axial accelerometer that measures accelerations ranging in 
magnitude ±6g. Raw accelerometry data can be stored at a user-specified sample frequency 
ranging from 30-100Hz. The GENEActiv has a waterproof design and measures tri-axial 
accelerations ranging in magnitude ±8g at a sample frequency ranging from 10-100Hz. The 
ActiGraph and GENEActiv were initialised with a sample frequency of 100Hz. Data reduction 
approaches were performed according to the methods used to develop each cut-point (Table 
5.1), as reported in original calibration studies (Chandler et al. 2015; Crouter et al. 2015; 
Evenson et al. 2008; Kim et al. 2014; Phillips et al. 2013; Schaefer et al. 2014).  
 
  




Table 5.1 Sedentary wrist cut-points 
Monitor Author 
Outcome 
variable Abbreviation Sample Activities Cut-point 
ActiGraph Chandler et al. (2015) Vertical axis ChandlerVA/2015 n = 45  
Range = 8-12y 
Mean age = 9.0y  
49% boys, 51% girls 
Resting, enrichment, walking, playground, 









Chandler et al. (2016 
pers.comm., 6 February) 
Vertical axis ChandlerVA/2016 n = 167 (calibration: n 
= 100) 
Range = 5-11y 
Mean age = 8.0y 
58% boys,  42% girls 
Reading books, playing/sorting cards, cutting 
and pasting from magazines, playing board 
games, eating a snack, playing games on a 




Crouter et al. (2015)  Vertical axis CrouterVA/ROC n = 181  
Range = 8-15y 
Mean age = 12.0y 
53.6% boys,  46.4% 
girls 
One out of four structured activity routines 
including free-living activities such as: 
resting, reading, watching TV, walking, 
running, computer games, cleaning, playing 





















Kim et al. (2014)  Vertical axis KimVA n = 49 
Range = 7-13y 
Mean age = 10.1y 
40.8% boys, 59.2% 
girls 
Set of 12 activities such as: reading, watching 
TV, walking, running, playing catch, 
basketball, stationary cycling 
≤1756c/60s 




VA: vertical axis; VM: vector magnitude; c: counts; s: seconds; SVMg/gs: gravity-subtracted signal vector magnitude; g: gravity; gs: g ∙ seconds; ROC: developed using 








GENEActiv Phillips et al. (2013)  SVMgs PhillipsSVM n = 44  
Range = 8-14y 
Mean age = 10.9y 
40.9% boys, 59.1% 
girls 
Lying supine, seated DVD viewing, active 
computer games (boxing), using a Nintendo 
Wii, slow walking, brisk walking, slow 
running and a medium run 
Right: <6gs, 
left: <7gs 
  Schaefer et al. (2014)  SVMg SchaeferSVM n = 24 children  
Range = 6-11y 
Mean age = 9.2y 
54.2% boys, 45.8% 
girls 
Resting, colouring, Lego® building, Wii 
Sports® games, treadmill walking, jogging, 
running 
≤0.19g 




Raw ActiGraph data were downloaded using ActiLife version 6.12.1. ActiGraph hip and wrist 
data were converted to counts per 5s (Chandler et al. 2015; Crouter et al. 2015), 15s (Evenson 
et al. 2008), or 60s (Kim et al. 2014) corresponding to the epoch lengths used in their 
development. Output variables for ActiGraph monitors were VA, which is sensitive to 
movement only along the longitudinal axis of the lower arm or the dominant plane of the body 
(hip) and vector magnitude (VM), a 3-dimensional measure of the acceleration which is not 
sensitive to orientation and direction of movement. Raw GENEActiv wrist data were 
downloaded and converted into 1s epochs using the GENEActiv software version 2.2 according 
to methods described by Philips et al. (2013), in order to create gravity-subtracted signal vector 
magnitude (SVMgs) data. Customized software, written using the programming language “R”, 
was used to filter the raw GENEActiv data (bandpass filter, cut-off frequencies: 0.2 and 15Hz) 
in order to remove the gravitational acceleration component as well as high-frequency sensor 
noise, as described by Schaefer et al. (2014). An average gravity-subtracted signal vector 
magnitude (SVMg) was then calculated for each second using a formula described by the 
authors.  
 
The activPAL3TM is an activity monitor worn on the thigh that uses tri-axial acceleration data 
(20Hz) to assess the position and movement of the limb. The activPAL3TM software version 
7.2.32 with proprietary algorithms was used to classify tri-axial accelerometry data into periods 
spent sitting/lying, standing or stepping. Event records created by the software were used to 
create 1s epoch data files which were used in the analyses to classify periods spent sedentary. 
The activPAL3TM was initialised with minimum sitting or upright period of 1s. 
 
 






Direct observation was used as criterion measure to establish the classification accuracy and 
validity of the cut-points. Children were recorded on video completing the activities as well as 
during transitions between activities. A trained research assistant coded all videos using Vitessa 
0.1 (University of Leuven, Belgium). The observer was trained to use the software and was 
given instructions about the coding system. Practice coding trials were completed and feedback 
was provided where coding errors occurred. Finally, intra- and inter-observer reliability 
evaluations were conducted to confirm the accuracy of the observer. The software generated a 
time stamp every time a change in posture or intensity was coded by the observer. Subsequently, 
a second-by-second classification system was generated. Every second following the time 
stamp inserted by the observer was classified as being the same posture as the one occurring at 
the time stamp itself until the next time stamp was created, indicating that a change in the child’s 
posture had occurred. In the event of two postures occurring within the same second, this second 
was duplicated in order to label both postures. Labels for postures were sitting/lying (gluteus 
muscles resting on ground, feet, legs or any other surface, or lying in prone position), standing 
(e.g both feet touching the ground, squatting, standing on one foot, kneeling on one or two 
knees), stepping (e.g moving one leg in front of the other, including stepping with a flight phase, 
jumping, stepping, sliding/side gallop) and “off screen” for direct observation using 1s epochs. 
A dichotomous coding system was applied to re-code postures into sedentary (sitting/lying: 
“1”) and non-sedentary (standing, stepping: “0”). Videos of 5 randomly selected participants 
were analysed twice by the same observer and by a second observer to test inter- and intra-
observer reliability. Inter- and intra-observer reliability were examined using Cohen’s Kappa 
and single measure intra-class correlation coefficients (ICC) from two-way mixed effect models 
(fixed-effects = observer; random effects = participants), using the consistency definition. 




Cohen’s Kappa coefficient for inter-observer reliability was 0.941. Inter-observer ICC was 




Monitors and direct observation were time synchronized using an internal computer clock. 
Second-by-second direct observation data were synchronized with 1s epoch data from 
activPAL3TM and GENEActiv. Direct observation and activPAL3TM data files contained events 
of duplicated seconds when two postures were assigned to the same second. If this was the case 
for direct observation data, these seconds were duplicated at the corresponding time point for 
activPAL3TM and GENEActiv output. If this was the case for activPAL3TM data, the seconds 
were duplicated for direct observation and GENEActiv output. The second-by-second 
duplicates were not generated for ActiGraph output, because these data were exported in 5s, 
15s and 60s epochs. This method was applied for evaluation of classification accuracy and was 
in line with previous validation studies in pre-school children (Davies et al. 2012a; Janssen et 
al. 2014b). In order to align direct observation with ActiGraph epochs, new time frames were 
created for direct observation with steps of 5s, 15s and 60s. If >50% of the seconds within an 
epoch were classified as sedentary, the epoch was coded as sedentary (“1”), if ≤50% of the 
epoch was classified as sedentary, the epoch was coded as non-sedentary (“0”). The 
synchronized direct observation and accelerometry data were excluded when direct observation 
epochs were coded as “off screen”. For estimates of time spent in different postures, codes of 
duplicated seconds for either direct observation (0.02% of total direct observation data) or 
accelerometer (0.04% of total activPAL3TM data) were assigned 0.5 sec, in order to avoid 




artificially inflating the total time observed. The absolute number of SB breaks for each method 





Prior to analyses, the total sample was divided into two age groups (5-8y, n = 25 and 9-12y, n 
= 32) because of the potential that younger and older children might engage in SB differently 
(Janssen & Cliff 2015). Analyses included equivalence testing, Bland-Altman procedures and 
calculating sensitivity, specificity and area under the receiver operating curve (ROC-AUC) to 
evaluate and compare the accuracy and validity of different SB cut-points for wrist mounted 
ActiGraph and GENEActiv accelerometers, hip-worn ActiGraph accelerometer and 
activPAL3TM. The equivalence of estimated sedentary time from different activity monitors, 
sites and cut-points and direct observation was examined at the group level of measurement 
using the 95% equivalence test. In order to reject the null-hypothesis of the equivalence test, 
the 90% confidence interval (CI) of time spent sedentary predicted by the monitors should fall 
entirely within the predefined equivalence region of ±10% (Batterham et al. 2016). The 90% 
CIs of the estimated sedentary time were bootstrapped (number of replications = 1000), because 
the sample sizes of the age groups were relatively small and, therefore, not all data were 
normally distributed. Agreement and systematic bias for estimated sedentary time were 
evaluated at the individual level using Bland-Altman procedures (17). For the ROC analyses, 
classification accuracy was rated as excellent (ROC-AUC ≥ 0.90), good (ROC-AUC = 0.80-
0.89), fair (ROC-AUC = 0.70-0.79) or poor (ROC-AUC < 0.70) (Metz 1978). The difference 




between the absolute number of SB breaks estimated by the monitors and direct observation 




Descriptive characteristics of participants are presented in Table 5.2. All participants completed 
the protocol and had valid activPAL3TM and ActiGraph wrist and hip data. For one of the visits, 
video data were unavailable for 3 children (age 5, 9 and 10y) and GENEActiv wrist data were 
unavailable for 3 different children (all 9-12y). Out of the remaining 250,854 1s epochs from 
5-8y and 296,134 epochs from 9-12y, 27,983 epochs and 23,513 epochs of direct observation 
were coded as “off screen” and excluded from analyses, respectively, leaving 222,872 (88.8%) 
valid epochs for 5-8y and 272,622 (92.1%) valid epochs for 9-12y. Mean direct observation 
time for 5-8y was 167.2 ± 21.9 min, of which 78.0 ± 11.8 min was coded as SB. Mean direct 
observation time for 9-12y was 154.2 ± 35.6 min, of which 69.5 ± 18.4 min was coded as SB. 
Results are presented for the non-dominant wrist (unless stated otherwise), because placement 
on this wrist was recommended by the physical activity monitor protocol (Center for Disease 
Control and Prevention 2011) released by the National Health and Nutrition Examination 
Survey and previous studies have used the non-dominant wrist for the development of wrist 
cut-points (Chandler et al. 2015; Hildebrand et al. 2014; Schaefer et al. 2014). Results for the 
dominant wrist are presented in Appendix 5.3. 
 
  




Table 5.2 Participant characteristics 
 
5-8y 
(n = 25) 
9-12y 
(n = 32) 
Total 
(n = 57) 
Age (y) 7.0 ± 1.2 10.9 ± 1.2 9.2 ± 2.3 
Sex 
   
  Boys (n) 11 (44.0%) 17 (53.1%) 28 (49.1%) 
  Girls (n) 14 (56.0%) 15 (46.9%) 29 (50.9%) 
Height (cm) 123.0 ± 8.9 146.0 ± 9.2 135.9 ± 14.6 
Body mass (kg) 24.1 ± 4.0 39.4 ± 9.9 32.7 ± 10.9 
BMI percentile 52.8 ± 24.3 53.5 ± 31.9 53.2 ± 28.6 
  Overweight (n) 2 (8.0%) 5 (15.6%) 7 (12.3%) 
  Obese (n) - 2 (6.6%) 2 (3.5%) 
Race 
   
  Caucasian (n) 24 (96.0%) 30 (93.8%) 54 (94.7%) 
  Asian (n) 1 (4.0%) 2 (6.2%) 3 (5.3%) 
Characteristics of the participants are presented as mean ± SD, 
distributions of the sample are presented in numbers (n) and 
percentages. 
 
Validation of ActiGraph wrist cut-points 
Figures 5.1 (5-8y) and 5.2 (9-12y) present the 95% equivalence tests for accelerometry-based 
estimated time spent in SB from wrist-worn ActiGraph and GENEActiv cut-points, the hip-
worn ActiGraph cut-point and activPAL3TM, as well as the equivalence region of direct 
observation.  At the group level, estimates of SB time from Kim et al.’s ActiGraph VM wrist 
cut-point (KimVM) were equivalent to direct observation (p = 0.02) in 5-8y, and estimates from 
the VA cut-point (KimVA) approached equivalence (p = 0.08).  
 





Figure 5.1 95% equivalence test for accelerometry-based estimated time spent in sedentary behaviors in 
5-8 year-olds. Times estimated by wrist-worn ActiGraph and wrist-worn GENEActiv cut-points are 
equivalent to direct observation if 90% confidence intervals lie entirely within the equivalence region 
of direct observation. VA: vertical axis; VM: vector magnitude; SVM: gravity-subtracted signal vector 









Figure 5.2 95% equivalence test for accelerometry-based estimated time spent in sedentary behaviors in 
9-12 year-olds. Times estimated by wrist-worn ActiGraph and wrist-worn GENEActiv cut-points are 
equivalent to direct observation if 90% confidence intervals lie entirely within the equivalence region 
of direct observation. VA: vertical axis; VM: vector magnitude; SVM: gravity-subtracted signal vector 
magnitude; ROC: developed using receiver operating curve analysis; Regression: developed using 
regression analysis. 
 
Mean bias for estimated SB time from KimVM was 4.1% (limits of agreement [LoA]: -20.1% – 
28.4%) (Table 5.3), whereas KimVA underestimated SB time by 6.5% (LoA: -33.1% – 20.2%). 
In 9-12y, CrouterVA/ROC and KimVA were equivalent to direct observation (p<0.01) and 




CrouterVM/ROC approached equivalence (p = 0.05). These cut-points underestimated SB time by 
1.7% (LoA: -25.9% –22.5%), 2.5% (LoA: -27.9% – 22.9%) and 5.3% (LoA: -27.9% – 22.9%), 
respectively. Estimates of SB time from other ActiGraph wrist cut-points were not equivalent 
to direct observation in either age group. The mean bias varied from 7.2% (CrouterVA/ROC) to 








Table 5.3 Agreement analysis of accelerometry-based estimations of sedentary behavior 
compared to direct observation. 
LoA: limits of agreement; VA: vertical axis; VM: vector magnitude; SVM: gravity-subtracted signal 
vector magnitude. Mean bias was calculated as: measured SB time – estimated SB time; a positive value 




CrouterVA/ROC    
5-8y 7.2 -19.4 - 33.9 0.367 
9-12y   1.7* -22.5 - 25.9 0.677 
CrouterVA/REG    
5-8y -7.6 -30.4 - 15.2 0.673 
9-12y -10.9 -33.1 - 11.3 0.770 
ChandlerVA/2015    
5-8y -15.4 -36.5 - 5.6 0.975 
9-12y -19.0 -42.1 - 4.1 0.726 
ChandlerVA/2016    
5-8y -20.5 -41.0 - 0.0 0.966 
9-12y -29.6 -65.9 - 6.6 0.306 
KimVA    
5-8y 6.5 -20.2 - 33.1 0.718 
9-12y   2.5* -22.9 - 27.9 0.892 
ActiGraph wrist 
(vector magnitude) 
CrouterVM/ROC    
5-8y 11.5 -16.8 - 39.8 0.323 
9-12y 5.3 -22.5 - 33.2 0.752 
CrouterVM/REG    
5-8y -11.0 -35.2 - 13.1 0.436 
9-12y -16.8 -44.6 - 10.9 0.563 
ChandlerVM    
5-8y -14.4 -38.5 - 9.7 0.401 
9-12y -20.8 -49.8 - 8.1 0.542 
KimVM    
5-8y   -4.1* -28.4 - 20.1 0.522 




PhillipsSVM    
5-8y -16.8 -29.6 - 3.9 0.744 
9-12y -17.8 -47.3 - 11.6 0.737 
SchaeferSVM    
5-8y -9.6 -33.0 - 13.8 0.957 
9-12y -12.6 -37.6 - 12.3 0.898 
activPAL3TM 5-8y 12.6 -14.7 - 39.8 0.122 
  9-12y    1.4* -11.0 - 13.9 0.442 
ActiGraph hip 
(vertical axis) 
5-8y -15.8 -37.2 - 5.7 0.204 
9-12y -17.8 -39.5 - 3.9 0.260 




indicates underestimation; a negative value indicates overestimation. *Significantly equivalent to direct 
observation (p < 0.05). 
 
Good classification accuracy (Table 5.4) was found for KimVA (both age groups: ROC-AUC = 
0.86) and KimVM (5-8y: ROC-AUC = 0.85; 9-12y: ROC-AUC = 0.82). Classification accuracy 
for other ActiGraph wrist cut-points was fair (5-8y: ROC-AUC = 0.77-0.79, 9-12y: ROC-AUC 
= 0.72-0.75).  
 
  




Table 5.4 Classification accuracy of accelerometry-based estimations of sedentary behavior. 




CrouterVA/ROC       
5-8y 82.0 81.5 - 82.5 73.6 73.0 - 74.1 0.78 0.77 - 0.78 
9-12y 72.1 71.7 - 72.6 76.5 76.0 - 77.0 0.74 0.74 - 0.75 
CrouterVA/REG       
5-8y 81.9 81.4 - 82.4 76.3 75.8 - 76.8 0.79 0.79 - 0.80 
9-12y 83.3 82.8 - 83.7 66.5 66.0 - 67.0 0.75 0.75 - 0.75 
ChandlerVA/2015       
5-8y 86.2 85.7 - 86.6 72.2 71.7 - 72.7 0.79 0.79 - 0.80 
9-12y 87.0 86.6 - 87.4 62.1 61.6 - 62.6 0.75 0.74 - 0.75 
ChandlerVA/2016       
5-8y 89.0 88.6 - 89.4 68.8 68.2 - 69.3 0.79 0.79 - 0.79 
9-12y 89.4 89.0 - 89.8 58.8 57.5 - 58.5 0.74 0.73 - 0.74 
KimVA       
5-8y 87.8 86.2 - 89.3 83.7 81.8 - 85.4 0.86 0.85 - 0.87 




CrouterVM/ROC       
5-8y 83.2 82.7 - 83.6 71.0 70.4 - 71.6 0.77 0.77 - 0.78 
9-12y 73.0 72.5 - 73.4 73.6 73.0 - 74.1 0.73 0.73 - 0.74 
CrouterVM/REG       
5-8y 83.2 82.7 - 83.7 73.6 73.1 - 74.1 0.78 0.78 - 0.79 
9-12y 83.5 83.1 - 84.0 62.3 61.8 - 62.8 0.73 0.73 - 0.73 
 
ChandlerVM       
5-8y 84.8 84.3 - 85.3 71.5 71.0 - 72.1 0.78 0.78 - 0.79 
9-12y 84.8 84.4 - 85.3 59.6 59.1 - 60.2 0.72 0.72 - 0.73 
 
KimVM       
5-8y 93.6 92.3 - 94.7 77.0 74.9 - 79.0 0.85 0.84 - 0.86 





PhillipsSVM       
5-8y 87.5 87.4 - 87.7 72.9 72.7 - 73.0 0.80 0.80 - 0.80 
9-12y 86.8 86.7 - 87.0 73.3 73.1 - 73.4 0.80 0.80 - 0.80 
SchaeferSVM       
5-8y 82.6 82.4 - 82.7 75.4 75.2 - 75.6 0.79 0.79 - 0.79 
9-12y 83.6 83.4 - 83.7 75.1 74.9 - 75.2 0.79 0.79 - 0.79 
 activPAL3TM 5-8y 97.9 97.8 - 98.0 87.0 86.9 - 87.2 0.92 0.92 - 0.93 
9-12y 97.7 97.6 - 97.8 95.9 95.8 - 96.0 0.97 0.97 - 0.97 
ActiGraph hip 
(vertical axis) 
5-8y 92.7 92.1 - 93.3 76.3 75.4 - 77.2 0.85 0.84 - 0.85 
9-12y 93.6 93.0 - 94.1 75.9 75.0 - 76.7 0.85 0.84 - 0.85 
Se: sensitivity; Sp: specificity; CI: confidence intervals; ROC: developed using receiver operating curve analysis; REG: 
developed using regression analysis; ROC-AUC: area under the receiver operating curve; VA: vertical axis; VM: vector 
magnitude; SVM: gravity-subtracted signal vector magnitude. 




At the individual level (Table 5.3), LoAs for all cut-points, including the most accurate 
ActiGraph wrist cut-points, were relatively wide (range = ChandlerVA/2016 in 5-8y: 0.0% – 
41.0%; to ChandlerVA/2016 in 9-12y: -6.6% – 65.9%), which indicated large random error. No 
systematic bias (Table 5.3 and Appendix 5.2) was found for any of the ActiGraph wrist cut-
points (p>0.05). Findings of the equivalence test, classification accuracy and Bland-Altman 
analyses for ActiGraph wrist cut-points for the dominant wrist (Appendices 5.2, 5.3 and 5.4) 
were consistent with findings for the non-dominant wrist. Compared to direct observation, the 
absolute number of breaks were overestimated by all ActiGraph cut-points in both age groups 
for both wrists (5-8y: mean difference range = 2.4-160.8, all p<0.05; 9-12y: mean difference 
range = 1.8-138.6, all p < 0.05), except from KimVM for the non-dominant wrist (5-8y: mean 
difference = 1.4 ± 5.7, p = 0.24; 9-12y: mean difference = 1.8, p = 0.05) (Appendix 5.6). Mean 
differences with direct observation were larger for wrist cut-points developed with 5 sec epochs 
(5-8y: 154.4 ± 4.1, 9-12y: 129.9 ± 5.2) compared to cut-points developed with 60 sec epochs 
(5-8y: 2.9 ± 1.2, 9-12y: 2.5 ± 0.8). 
 
Validation of GENEActiv wrist cut-points 
Estimates of SB time from GENEActiv wrist cut-points PhillipsSVM and SchaeferSVM for the 
non-dominant wrist were not equivalent to direct observation (Figures 5.1 and 5.2). PhillipsSVM 
and SchaeferSVM overestimated SB time in 5-8y by 16.8% (LoA: -3.9% – 29.6%) and 9.6% 
(LoA: -13.8% – 33.0%), respectively, and in 9-12y by 17.8% (LoA: -11.6% – 47.3%) and 
12.6% (LoA: -12.3% – 37.6%), respectively (Table 5.3). Although estimates from the 
GENEActiv wrist cut-points for the dominant wrist were also not equivalent to direct 
observation in both age groups, the cut-points performed slightly better for this wrist when 
estimating SB time at the group level (Appendix 5.5). For the dominant wrist, PhillipsSVM and 




SchaeferSVM overestimated SB time in 5-8y by 8.1% (LoA: -24.0% – 40.1%) and 6.5% (LoA: -
16.1% – 29.1%), respectively, and in 9-12y by 8.2% (LoA: -18.6% – 35.0%) and 10.5% (LoA: 
-13.6% – 34.6%), respectively (Appendix 5.2). Classification accuracy for all GENEActiv wrist 
cut-points were fair to good in both age groups and for both wrists (ROC-AUC = 0.79-0.80). 
At the individual level, the LoA was smallest for PhillipsSVM (-3.9% – 29.6%), although all 
other LoAs for GENEActiv cut-points were relatively wide, which indicated large random error 
(Table 5.3 and Appendix 5.2). No systematic bias was found for any of the GENEActiv wrist 
cut-points (p>0.05). All GENEActiv wrist cut-points overestimated the absolute number of 
breaks compared to direct observation in both age groups (5-8y: mean difference range = 354.8-
468.8, all p<0.01; 9-12y: mean difference range = 313.2-398.1, all p<0.01) (Appendix 5.6). 
Mean differences with direct observation were larger for the GENEActiv wrist cut-points 
developed with 1 sec epochs, compared to the ActiGraph cut-points developed with both 5 sec 
epochs and 60 sec epochs. 
 
Comparison of validity of wrist cut-points against ActiGraph hip cut-point and activPAL3TM 
In 5-8y, estimates of SB time by activPAL3TM (12.6% [LoA: -39.8% – 14.7%]) and the hip-
worn ActiGraph (15.8% [LoA: -5.7% – 37.2%]) were not equivalent to direct observation, and 
the most accurate ActiGraph wrist cut-points (KimVA and KimVM), GENEActiv wrist cut-points 
for the dominant wrist and SchaeferSVM for the non-dominant wrist had smaller mean biases. 
Despite these differences, LoAs for the ActiGraph and GENEActiv wrist cut-points were 
similarly wide to activPAL3TM and the hip-worn ActiGraph. In contrast to the group level 
findings, classification accuracy for the Kim cut-points were significantly lower than 
activPAL3TM (ROC-AUC = 0.92, 95%CI = 0.92-0.93), but similar to the hip-worn ActiGraph 
(ROC-AUC = 0.85, 95%CI = 0.84-0.85) in 5-8y. Classification accuracy of both GENEActiv 




wrist cut-points for the non-dominant and dominant wrist was significantly lower than 
activPAL3TM and the hip-worn ActiGraph.  
 
In 9-12y, estimates of SB time by activPAL3TM were equivalent to DO (-1.4% [LoA: -13.95 - 
11.0%]) (p<0.01), which was also the case for the most accurate ActiGraph wrist cut-points 
(CrouterVA/ROC and KimVA). However, mean biases were larger and estimates of SB time were 
not equivalent to direct observation for the hip-worn ActiGraph (17.8% [LoA: -3.9% - 39.5%]), 
and GENEActiv cut-points for either wrist in 9-12y. LoAs for the ActiGraph and GENEActiv 
wrist cut-points were wider than activPAL3TM, but similar to ActiGraph on the hip in 9-12y. 
The most accurate ActiGraph wrist cut-point (KimVA) exhibited lower classification accuracy 
than activPAL3TM (ROC-AUC = 0.97, 95%CI = 0.97-0.97), but was similar to the hip-worn 
ActiGraph (ROC-AUC = 0.85, 95%CI = 0.84-0.85) in 9-12y. Classification accuracy of the 
GENEActiv cut-points for both wrists was lower than activPAL3TM and the hip-worn 
ActiGraph, in 9-12y.  
 
Mean differences with direct observation for SB breaks were larger for most ActiGraph and 
both GENEActiv wrist cut-points compared to the activPAL3TM (5-8y: 8.5 ± 6.0, p < 0.01; 9-
12: 3.2 ± 3.1, p < 0.01) and the hip-worn ActiGraph (5-8y: 33.2 ± 13.7, p<0.01; 9-12: 29.3 ± 










This study examined the accuracy and validity of ActiGraph and GENEActiv wrist cut-points 
for classifying SB in 5-12 year-old children. The ActiGraph wrist cut-points KimVM and KimVA 
accurately estimated SB time in 5-8y and 9-12y, respectively, at the group level, and exhibited 
good classification accuracy. These cut-points provided more accurate estimates of SB time 
compared to the Evenson ActiGraph hip cut-point (≤25c/15s). Although GENEActiv wrist cut-
points appeared to provide more accurate group-level estimates of SB time than the ActiGraph 
hip cut-point for 5-8y and 9-12y, these cut-points over-estimated SB time, and classification 
accuracy was significantly lower than for the ActiGraph hip cut-point and activPAL3TM in both 
age groups. Excluding an overestimation of SB time in 5-8y, activPAL3TM exhibited greater 
accuracy than the ActiGraph and GENEActiv wrist cut-points and the ActiGraph hip cut-point. 
Overall, the most accurate ActiGraph and GENEActiv wrist cut-points estimated SB with 
similar accuracy as the ActiGraph hip cut-point, although the accuracy of the thigh-mounted 
activPAL3TM was generally higher. The KIMVM cut-point estimated the absolute number of 
breaks in SB more accurately than the ActiGraph hip cut-point and activPAL3TM in both age 
groups, whereas the other ActiGraph and GENEActiv wrist cut-points showed larger 
overestimations. To our knowledge, no previous studies have simultaneously evaluated the 
relative validity of multiple ActiGraph or GENEActiv wrist cut-points developed in different 
studies among children. Crouter et al. (2015) cross-validated their ActiGraph wrist cut-points 
using indirect calorimetry in an independent sample of 11-14 year-olds who completed 2h of 
unstructured physical activity. The authors reported that the errors for estimated SB time were 
small (-8.6% – 2.5%) and not significantly different from the criterion measure. However, 
traditional analyses that fail to reject the null hypothesis of similarity do not necessarily 
demonstrate that the cut-points meet an acceptable level of accuracy (Batterham et al. 2016). 




Therefore, testing the equivalence could be beneficial when examining whether the level of 
error lies within an acceptable range. In our study, mean bias for estimated SB time from 
Crouter et al.’s cut-points were slightly larger, ranging from -7.2% to 11.5% in 5-8y and -1.7% 
to 16.8% in 9-12y. Equivalence testing indicated that only CrouterVA/ROC in 9-12y was 
equivalent to direct observation, although the classification accuracy for Crouter et al.’s cut-
points across both age groups was only fair (ROC-AUC = 0.73 – 0.79). This suggests that, 
although errors may appear small, they might still be meaningful and misclassification of SB 
and non-SB may cancel each other out. Other methodological differences between our study 
and that of Crouter et al. (2015), such as the younger age range of participants in our study 
could have contributed to the differences in findings, because younger and older children 
potentially engage in and move between sedentary and non-sedentary behaviors differently 
(Janssen & Cliff 2015). Furthermore, the use of different criterion measures might have also 
contributed to the differences in measurement errors (Janssen & Cliff 2015). 
 
Kim et al. (2014) used a protocol of 12 randomly selected semi-structured activities to develop 
ActiGraph wrist cut-points (KimVA and KimVM) in a sub-sample of 7-13 year-olds (n = 49), and 
also provided results for the Evenson ActiGraph hip cut-point (≤25c/15s, n = 125) against which 
wrist cut-points could be compared. Although ROC-AUC values were not reported for the hip-
worn ActiGraph, sensitivity (Se: true positive rate) for the wrist cut-points (Se: 93.0 – 94.3%) 
was similar to the hip cut-point (Se = 93.7%), whereas specificity (Sp: true negative rate) for 
the wrist cut-points (Sp: 79.9 – 83.5%) was lower than the hip cut-point (Sp = 92.5%) for 
classifying SB, suggesting that the hip-worn ActiGraph was slightly more accurate for 
classifying non-SB activities. However, the current study found that the classification accuracy 
for Kim et al.’s ActiGraph wrist cut-points and the ActiGraph hip cut-point was similar in both 
age groups. Cut-point approaches for hip-mounted monitors cannot reliably distinguish 




between standing still and SB, because SB is classified based on lack of movement, resulting 
in non-SB activities with minimal lower body movement being misclassified as SB. Because 
our study included transitions between activities, which likely involved standing with minimal 
movement, as well as a standing “classroom activity”, the likelihood of misclassifying non-SB 
as SB by the hip-worn ActiGraph was higher than in Kim et al.’s (2014) protocol. In contrast, 
Kim et al. (2014) indicated that most instances of misclassification of non-SB by the hip 
monitor occurred during a hand weight exercise involving minimal trunk and lower body 
movement. As such, our findings suggest that wrist cut-points may have similar limitations to 
hip cut-points in misclassifying standing still as SB. 
 
In relation to wrist GENEActiv SB cut-points, Rowlands et al. (2014b) compared PhillipsSVM 
for the non-dominant wrist with the ActiGraph hip cut-point (Evenson: ≤25c/15s) in a sample 
of free-living 10-12 year-olds and reported that estimates of habitual SB time were 9.6% lower 
for the GENEActiv wrist cut-point compared to the ActiGraph hip cut-point, however, we 
found that the estimates of these cut-points were similar. The difference in study designs may 
have contributed to these contrasting findings. However, our results showed larger 
misclassification of SB by PhillipsSVM compared to the hip-worn ActiGraph, and therefore 
precision for classifying SB and estimates at the individual level might be lower than group-
level estimates. 
 
Although some cut-points in the current study appear to provide reasonably accurate estimates 
of SB time, the ROC-AUC values indicate that classification accuracy was only categorised as 
fair or good. For example, group level estimates of SB time from KimVM and KimVA were 
equivalent or almost equivalent to direct observation and mean biases were smaller than that 




observed for the hip-worn ActiGraph and activPAL3TM, however ROC-AUC values were lower 
than activPAL3TM and similar to the ActiGraph hip cut-point. In 9-12y, the cut-points 
CrouterVA/ROC and KimVA were equivalent to DO and estimates of SB time were more accurate 
than the hip-worn ActiGraph and similar to activPAL3TM. However, although classification 
accuracy for KimVA was good, classification accuracy for CrouterVA/ROC was only fair and lower 
than both activPAL3TM and the hip-worn ActiGraph. A possible explanation is that SB as 
estimated by wrist cut-points was misclassified as non-SB in some activities. For instance, the 
highest percentage of misclassified SB epochs (AG: 0.4%-7.3%, GA: 1.4%-5.7%) was found 
during the coloring activity in 5-8y, which requires the child to use the hand, and so wrist 
monitors might record counts high enough to be misclassified as non-SB. In contrast, standing 
still while writing on a white board resulted in the highest percentage of misclassified epochs 
during non-SB activities for the non-dominant hand (5-8y: AG, 6.7%-9.7%, GA: 8.1%-8.6%; 
9-12y: AG, 6.1%-9.0%, GA: 7.7%-8.3%), because the wrist monitors recorded low activity 
counts on this hand and misclassified epochs during the task as SB. Misclassification of SB and 
non-SB for wrist cut-points may cancel each other out, resulting in seemingly accurate group-
level estimates of SB time. Hip-placed monitors on the other hand seem to overestimate SB 
time at the group level, due to the misclassification of standing still as SB. The results of this 
study suggest that, while hip-based cut-points that typically misclassify standing still as SB, 
wrist cut-points exhibit some misclassification of non-SB as SB and vice-versa. Progress on 
alternative approaches, such as those utilising machine learning (Hagenbuchner et al. 2015; 
Rowlands et al. 2014a; Trost et al. 2012) is therefore required, but until such strategies are 
widely available, the use of the most accurate ActiGraph and GENEActiv wrist cut-points for 
estimating SB is recommended.   
 




ActiGraph wrist cut-points developed with 60s epochs seemed to perform better for estimating 
SB time at the group level and the absolute number of SB breaks, and exhibited higher 
classification accuracy and compared to cut-points developed with 5s or 1s epochs.  This could 
be explained by a higher number of data points when using shorter epochs, resulting in a higher 
chance of misclassification. The lower classification accuracy with shorter epochs might have 
contributed to the lower performance of the GENEActiv wrist cut-points as they were 
developed with 1s data. This is in contrast to the common use of short epochs for accurately 
capturing sporadic and intermittent bursts of high–intensity physical activity in children (Cain 
et al. 2013). Previous studies have evaluated the effect of epoch length in free-living school-
aged children using ActiGraph hip data and showed that time spent in SB decreases when longer 
epochs are applied (Aibar & Chanal 2015; Nettlefold et al. 2016). A possible explanation is that 
very short periods (e.g. 1-5s) of standing relatively still might be fairly common in children, 
resulting in non-SB being misclassified as SB using short epochs. In contrast, when using 60s 
epochs, standing still would need to occur for almost all of a 60s period for this to be 
misclassified as SB, and it is possible that this is less common than short periods of standing 
still among children. Although most ActiGraph wrist cut-points designed for 5s epochs over-
estimated SB in our analyses, CrouterVA/ROC and CrouterVM/ROC under-estimated SB in 5-8y and 
exhibited similar accuracy as those for 60s epochs in 9-12y, and so the combination of epoch 
and cut-point is likely to be important. Nevertheless, our findings indicate that the most accurate 
SB wrist cut-points were designed for 60s epochs, which has implications for field-based 
applications. In studies of free-living children, estimates of both SB and physical activity are 
often desirable. If data are reduced using short epochs such as 5s to estimate physical activity, 
the most accurate SB cut-points for 5s epochs could be applied, such as Crouter et al.’s 
CrouterVA/ROC or CrouterVM/ROC (Crouter et al. 2015) for ActiGraph and PhillipsSVM (Phillips et 
al. 2013) or SchaeferSVM (Schaefer et al. 2014) for GENEActiv. Although these cut-points 




exhibited lower classification accuracy than the most accurate 60s wrist cut-points and the 
ActiGraph hip cut-point, group-level estimates of SB time were more accurate than the 
ActiGraph hip cut-point. 
 
A unique strength of the study was that several currently available wrist cut-points for 
ActiGraph and GENEActiv were evaluated simultaneously, against a criterion measure and 
common alternative objective measures of SB. Another strength was that data from the entire 
activity protocol in our study were analysed including transitions between activities, with the 
aim to also include data of behaviors outside of structured activities. Additionally, the wide age 
range of the sample allowed for analyses across two age groups. However, because the study 
protocol predominantly included structured activities completed in a laboratory setting, the 




In summary, the use of the most accurate ActiGraph and GENEActiv wrist-based activity 
monitor cut-points for estimating SB can be applied in free-living children with similar 
confidence as the hip-based ActiGraph cut-point (≤25c/15s), although alternative approaches 
may be needed to achieve the generally higher accuracy of thigh-based approaches such as 
activPAL3TM. 
  






Table 5.5 Activity protocol. 
Activity 
Type 
Activity Trial Intensity Description of Activity Trial 
Resting Lying down Sedentary Lying down awake on a mattress in supine position - arms at 
sides - rest for 10 min. 
Sitting TV viewing Sedentary Watching a movie in a comfortable chair. Instructed to 
minimize body movements. 
 Handheld e-game Sedentary Sitting on a chair at a desk playing an e-game on a handheld 
device. 
 Writing/coloring Sedentary Sitting on a chair at a desk, 5-8 y: coloring on paper using 
pencils, 9-12 y: copying words on a pad of paper using a 
pencil. 
 Computer game Sedentary Sitting on a chair at a desk playing an educational computer 
game. 
Lifestyle Getting ready for 
school 
Light Get dressed, set table, pour food, pack up, brush teeth, pack 
bag, leave for school. 
 Standing class 
activity 
Light Standing activities with minimal movement such as 
writing/drawing on a white board. 
 Dancing  Light Following a video with dance step instructions (Zumba® 
fitness). 
 Tidy up  Moderate Tidying up a 4x5 m area: pick up clothes, towels, toys and 
sport equipment and return them into boxes. 
 Basketball Moderate Shooting a basketball using a 2.29 m adjustable hoop, chase 
the ball within a 4.9x4.6 m area and bounce back to the start 
position at the boundary line apposite from the hoop. 
 Soccer Vigorous Kicking a foam soccer ball on a 5 m distance between a 1 m 
wide goal after dodging between a straight line of 5 cones (1 
m apart). Instructed to jog back to start position after kicking 
the ball. 
 Locomotor course Vigorous Continuously completing a course including 4x 2-foot jump, 
jogging and sliding between cones around a 4x9.5 m area. 
Ambulatory Slow walk Light Walking slowly at a self-selected comfortable speed around a 
45 m indoor track. Examiner regulates constant speed by 
recording lap times. 
 Brisk walk Moderate Walking briskly at a self-selected brisk comfortable speed 
around a 45 m indoor track. Examiner regulates constant speed 
by recording lap times. 
  Running Vigorous Run at a self-selected comfortable speed around a 45 m indoor 
track. Examiner regulates constant pace by speed lap times. 
All activities are completed for 5 min except for lying down (10 min) 











Figure 5.3.1 Bland-Altman plots with 95% limits of agreement for sedentary times estimated by wrist-
worn ActiGraph cut-points (vertical axis: VA) in 5-8 year-olds (a, c, e, g) and 9-12 year-olds (b, d, f, h). 
Mean bias was calculated as: measured sedentary time – estimated sedentary time; a positive value 
indicates underestimation; a negative value indicates overestimation. DO, direct observation; ROC, cut-














Figure 5.3.2 Bland-Altman plots with 95% limits of agreement for sedentary times estimated by wrist-
worn ActiGraph cut-points (vector magnitude: VM) in 5-8 year-olds (a, c, e, g) and 9-12 year-olds (b, 
d, f, h). Mean bias was calculated as: measured sedentary time – estimated sedentary time; a positive 
value indicates underestimation; a negative value indicates overestimation. DO, direct observation; 




Figure 5.3.3 Bland-Altman plots with 95% limits of agreement for sedentary times estimated by wrist-
worn GENEActiv cut-points (signal vector magnitude: SVM) in 5-8 year-olds (a, c) and 9-12 year-olds 
(b, d). Mean bias was calculated as: measured sedentary time – estimated sedentary time; a positive 
value indicates underestimation; a negative value indicates overestimation. DO, direct observation. 



















Figure 5.3.4 Bland-Altman plots with 95% limits of agreement for sedentary times estimated by thigh-
worn activPAL3TM and the hip-worn ActiGraph cut-point in 5-8 year-olds (a, c) and 9-12 year-olds (b, 
d). Mean bias was calculated as: measured sedentary time – estimated sedentary time; a positive value 
indicates underestimation; a negative value indicates overestimation. DO, direct observation. 






Table 5.6 Agreement analysis of accelerometry-based estimations of sedentary behavior for the 
dominant wrist compared to direct observation. 
LoA: limits of agreement; VA: vertical axis; VM: vector magnitude; SVM: gravity-subtracted signal vector 
magnitude. Mean bias was calculated as: measured SB time – estimated SB time; a positive value indicates 
underestimation; a negative value indicates overestimation. *Significantly equivalent to direct observation 
(p < 0.05). 
  Cut-point Mean bias (%) 95% LoA Slope p-value 
ActiGraph wrist 
(vertical axis) 
CrouterVA/ROC    
5-8y 10.3 -19.8 - 40.5 0.090 
9-12y   3.8* -18.8 - 26.5 0.260 
CrouterVA/REG    
5-8y -6.4 -30.1 - 17.4 0.284 
9-12y -10.2 -31.0 - 10.6 0.494 
ChandlerVA/2015    
5-8y -14.4 -36.1 - 7.2 0.443 
9-12y -18.5 -40.0 - 3.0 0.575 
ChandlerVA/2016    
5-8y -19.8 -40.1 - 0.4 0.541 
9-12y -25.6 -50.2 - -1.1 0.781 
KimVA    
5-8y 7.3 -16.5 - 31.0 0.503 
9-12y   2.5* -20.5 - 25.5 0.776 
ActiGraph wrist  
(vector magnitude) 
CrouterVM/ROC    
5-8y 17.1 -15.3 - 49.4 0.05 
9-12y 3.9 -18.1 - 35.9 0.316 
CrouterVM/REG    
5-8y -9.1 -35.1 - 16.8 0.143 
9-12y -16.4 -43.4 - 10.7 0.228 
ChandlerVM    
5-8y -12.7 -38.2 - 12.9 0.144 
9-12y -20.0 -47.3 - 7.3 0.299 
KimVM    
5-8y   -2.6* -28.3 - 23.2 0.106 




PhillipsSVM    
5-8y -8.1 -40.1 - 24.0 0.124 
9-12y -8.2 -35.0 - 18.6 0.562 
SchaeferSVM    
5-8y -6.5 -29.1 - 16.1 0.656 
9-12y -10.5 -34.6 - 13.6 0.918 
activPAL3TM 5-8y 12.6 -14.7 - 39.8 0.122 
  9-12y    1.4* -11.0 - 13.9 0.442 
ActiGraph hip 
(vertical axis) 
5-8y -15.8 -37.2 - 5.7 0.204 
9-12y -17.8 -39.5 - 3.9 0.260 






Table 5.7 Classification accuracy of accelerometry-based estimations of sedentary behavior for the 
dominant wrist 
Se: sensitivity; Sp: specificity; CI: confidence intervals; ROC-AUC: area under the receiver operating curve; VA: 
vertical axis; VM: vector magnitude; SVM: gravity-subtracted signal vector magnitude. 
  Cut-point Se % 95% CI Sp % 95% CI ROC-AUC 95% CI 
ActiGraph wrist 
(vertical axis) 
CrouterVA/ROC       
5-8y 83.0 82.5 - 83.5 72.5 72 0 - 73 1 0.78 0.77 - 0.78 
9-12y 79.4 78.9 - 79.8 75.9 75.3 - 76.4 0.78 0.77 - 0.78 
CrouterVA/REG       
5-8y 82.0 81.5 - 82.4 77.0 76.5 - 77.5 0.79 0.79 - 0.80 
9-12y 83.5 83.0 - 84.0 73.3 72.8 - 73.8 0.78 0.78 - 0.79 
ChandlerVA/2015       
5-8y 86.1 85.7 - 86.6 72.8 72.3 - 73.4 0.79 0.79 - 0.80 
9-12y 87.6 87.2 - 88.0 68.6 68.1 - 69.1 0.78 0.78 - 0.78 
ChandlerVA/2016       
5-8y 88.7 88.3 - 89.1 68.9 68.3 - 69.4 0.79 0.78 - 0.79 
9-12y 90.1 89.7 - 90.5 63.9 63.4 - 64.5 0.77 0.77 - 0.77 
KimVA       
5-8y 88.0 86.3 - 89.5 84.2 82 4 - 85.9 0.86 0.85 - 0.87 
9-12y 90.7 89.3 - 92.0 85.0 83.4 - 86.4 0.88 0.87 - 0.89 
ActiGraph wrist  
(vector 
magnitude) 
CrouterVM/ROC       
5-8y 84.5 84.1 - 84.9 68.4 67.8 - 69.0 0.76 0.76 - 0.77 
9-12y 80.2 79.8 - 80.6 71.9 71.3 - 72.4 0.76 0.76 - 0.76 
CrouterVM/REG       
5-8y 82.7 82.2 - 83.2 74.4 73.9 - 75.0 0.78 0.78 - 0.79 
9-12y 83.7 83.3 - 84.2 68.5 68.0 - 69.0 0.76 0.76 - 0.76 
ChandlerVM       
5-8y 84.3 83.8 - 84.8 72.3 71.8 - 72.9 0.78 0.78 - 0.79 
9-12y 85.3 84.8 - 85.7 66.1 65.6 - 66.6 0.76 0.75 - 0.76 
KimVM       
5-8y 92.4 91.1 - 93.6 77.1 75.0 - 79.0 0.85 0.84 - 0.86 




PhillipsSVM       
5-8y 81.4 81.3 - 81.6 75.6 75.4 - 75.8 0.79 0.78 - 0.79 
9-12y 81.0 80.9 - 81.2 77.0 76.8 - 77.1 0.79 0.79 - 0.79 
SchaeferSVM       
5-8y 80.8 80.6 - 80.9 76.9 76.7 - 77.1 0.79 0.79 - 0.79 
9-12y 83.2 83.1 - 83.4 76.9 76.8 - 77.1 0.80 0.80 - 0.80 
activPAL3TM 5-8y 97.9 97.8 - 98.0 87.0 86.9 - 87.2 0.92 0.92 - 0.93 
  9-12y 97.7 97.6 - 97.8 95.9 95.8 - 96.0 0.97 0.97 - 0.97 
ActiGraph hip 
(vertical axis) 
5-8y 92.7 92.1 - 93.3 76.3 75.4 - 77.2 0.85 0.84 - 0.85 
9-12y 93.6 93.0 - 94.1 75.9 75.0 - 76.7 0.85 0.84 - 0.85 





Figure 5.4 95% equivalence test for accelerometry-based estimated time spent in sedentary behaviors for the dominant wrist. a) 5-8 year-olds and b) 9-12 year-
olds. Times estimated by wrist-worn ActiGraph and wrist-worn GENEActiv cut-points are equivalent to direct observation if 90% confidence intervals lie entirely 
within the equivalence region of direct observation. VA: vertical axis; VM: vector magnitude; SVM: gravity-subtracted signal vector magnitude; ROC: developed 
using receiver operating curve analysis; Regression: developed using regression analysis. 




Appendix 5.6  
 
Table 5.8 Absolute number of accelerometry-based estimations of breaks in sedentary 
behavior and mean differences compared to direct observation. 
  Non-dominant wrist Dominant wrist 
  Cut-point 
SB breaks 









CrouterVA/ROC       
5-8y 167.1 ± 48.8 151.4 
132.0 – 170.7 
168.1 ± 47.2 152.4 
133.6 – 171.1 
9-12y 137.8 ± 48.3 125.9 
109.1 – 142.8 
137.0 ± 44.6 125.1 
109.6 – 140.6 
CrouterVA/REG       
5-8y 164.7 ± 42.7 148.9 
131.9 – 148.9 
170.1 ± 46.1 154.3 
135.8 – 172.8 
9-12y 134.3 ± 46.6 122.4 
106.2 – 138.7 
137.4 ± 45.5 125.5 
109.7 – 141.4 
ChandlerVA/2015       
5-8y 166.6 ± 54.0 150.8 
129.3 – 172.3 
166.7 ± 49.6 150.9 
131.1 – 170.7 
9-12y 142.0 ± 48.5 130.1 
113.1 – 147.1 
139.8 ± 43.1 127.9 
112.9 – 142.9 
ChandlerVA/2016       
5-8y 166.6 ± 54.5 150.9 
129.2 – 172.6 
170.1 ± 48.9 154.3 
134.8 – 173.8 
9-12y 143.2 ± 46.3 131.3 
115.0 – 147.5 
140.2 ± 41.9 128.3 
113.6 – 142.9 
KimVA       
5-8y 19.3 ± 4.7 3.5 
1.3 - 5.7 
19.8 ± 5.3 4.1 
1.8 – 6.4 
9-12y 15.2 ± 5.6 3.3 
1.5 – 5.1 
15.1 ± 5.2 3.2 
1.5 – 4.9 
ActiGraph wrist  
(vector 
magnitude) 
CrouterVM/ROC       
5-8y 173.9 ± 50.6 158.2 
138.0 – 178.3 
176.4 ± 47.0 160.6 
141.9 – 179.4 
9-12y 150.4 ± 50.6 138.3 
120.4 – 155.9 
148.1 ± 48.3 136.2 
119.4 – 153.0 
CrouterVM/REG       
5-8y 166.9 ± 45.1 151.2 
133.1 – 169.2 
172.7 ± 46.2 156.9 
138.0 - 175.8 
9-12y 136.7 ± 43.1 124.8 
109.8 – 139.8 
141.4 ± 43.6 129.5 








5-8y 175.6 ± 50.0 159.9 
140.0 – 179.8 
176.6 ± 47.1 160.8 
141.9 – 179.7 
9-12y 150.5 ± 51.0 138.6 
120.7 – 156.5 
146.4 ± 47.8 134.5 
117.9 – 151.2 
KimVM       
5-8y 17.2 ± 5.9* 1.4 
1.0 – 3.8 
18.2 ± 5.4* 2.4 
0.1 – 4.7 
9-12y 13.7 ± 5.7* 1.8 
0.0 – 3.5 
13.7 ± 4.7* 1.8 
0.2 – 3.5 








PhillipsSVM       
5-8y 436.4 ± 138.0 420.6 
364.5 – 476.7 
484.6 ± 132.7 468.8 
414.8 – 522.8 
9-12y 370.9 ± 124.4 359.0 
314.6 – 403.4 
410.0 ± 138.3 398.1 
348.7 – 447.5 
SchaeferSVM       
5-8y 370.5 ± 106.4 354.8 
311.6 – 397.9 
405.4 ± 104.0 389.7 
311.6 – 397.9 
9-12y 325.1 ± 110.4 313.2 
273.8 – 352.5 
352.4 ± 115.2 340.5 
299.4 – 382.7 
  Right thigh   
activPAL3TM 5-8y 24.2 ± 8.4 8.5 





9-12y 15.1 ± 4.9 3.2 




  Right hip   
ActiGraph hip 
(vertical axis) 
5-8y 48.9 ± 15.2 33.2 




9-12y 41.3 ± 11.7 29.3 




       
Direct 
observation 
5-8y 15.8 ± 48.9 -  
 
 
 9-12y 11.9 ± 3.4 -    
CI: confidence interval; REG: developed using regression analysis; ROC: developed using receiver operating curve analysis; 
VA: vertical axis; VM: vector magnitude; SB: sedentary behavior; SVM: gravity-subtracted signal vector magnitude. Mean 
differences are presented as absolute values and were calculated as: measured SB breaks – estimated SB breaks; all methods 






Wrist acceleration cut-points for moderate- to 
vigorous physical activity in youth 
 
This chapter has been accepted for publication pending minor revisions as: 
 
van Loo CMT, Okely AD, Batterham MJ, Hinkley T, Ekelund U, Brage S, Reilly JJ, Trost SG, 
Jones R, Janssen X, Cliff DP. Wrist acceleration cut-points for moderate- to vigorous physical 
activity in youth. Medicine and Science in Sports and Exercise. Provisionally accepted pending 
minor revisions. 
 
Chapter 5 examined the accuracy of wrist cut-points for classifying sedentary behavior in 
children, relative to hip- and thigh-mounted monitoring. Some wrist cut-points estimated 
sedentary time more accurately than the hip cut-point, although estimates from the thigh-worn 
activPAL3TM were most accurate. Wrist cut-points have also been developed for estimating 
physical activity intensities and studies are required to evaluate the accuracy of these cut-points 
simultaneously. Chapters 6 addresses Aim 2 of this thesis: to examine the accuracy of wrist cut-
points for the classification of sedentary behaviour and moderate- to vigorous physical activity 
in children. In this chapter, the following research question is are investigated:  
RQ7: What is the accuracy of GENEActiv wrist acceleration cut-points for classifying MPA, 










6.1 Introduction  
 
Accurate measurement of physical activity (PA) in children is of critical importance to monitor 
prevalence and trends, establish associations with health outcomes, identify determinants, and 
to evaluate the effectiveness of interventions to promote PA (Rennie & Wareham 1998). Hip-
mounted accelerometers have commonly been used to objectively quantify habitual PA in 
children (Trost 2007). However, concerns about low participant compliance with accelerometry 
protocols and subsequent data loss have resulted in a shift from hip to wrist placement 
(Freedson & John 2013). National biobanks such as U.K. Biobank (UK Biobank 2009), and 
large population surveys (da Silva et al. 2014) including the National Health and Nutrition 
Examination Study (NHANES) 2011-2014 (Troiano et al. 2014) in the U.S. incorporated wrist-
worn accelerometers. The data from several reports indicate that wrist-placement results in 
increased wear time due to greater compliance (Fairclough et al. 2016; Rowlands et al. 2014b; 
Troiano et al. 2014), which will improve the reliability and accuracy of PA estimates.  
 
Traditionally, accelerometer-based PA monitoring devices have provided proprietary units 
referred to as “counts” from which cut-points have been developed to classify moderate (MPA), 
vigorous (VPA) and moderate- to vigorous-intensity physical activity (MVPA) and estimate 
time spent in MVPA. This makes comparisons of PA outcomes from studies that have used 
different devices challenging, because the proprietary algorithms used to process the signals 
may differ. However, more recently, commonly used accelerometer-based motion sensors such 
as the GENEActiv (ActivInsights Ltd., Cambridge, UK) and ActiGraph GT3X+ and GT9X 
(ActiGraph Corporation, Pensacola Beach, FL) provide raw unfiltered tri-axial acceleration 
data as output. This provides the potential to apply consistent data reduction methods to raw 
acceleration data, which could increase the comparability of PA outcomes between studies.  





Recent laboratory-based calibration studies in children have developed PA intensity thresholds 
for raw acceleration output from wrist-worn devices (Hildebrand et al. 2014; Phillips et al. 
2013; Schaefer et al. 2014), using indirect calorimetry as the criterion measure. During cross-
validation in 6-11 year-old children, Schaefer et al.’s (2014) cut-points demonstrated moderate 
classification accuracy (~70%) for MVPA. Hildebrand et al. (2014) developed MPA and VPA 
cut-points for raw acceleration data in 7-11 year-old children, and reported that between 33% 
and 55% of the MPA, and 68% and 80% of the VPA were correctly classified. Although the 
Schaefer (2014) and Hildebrand (2014) cut-points  were cross-validated, the leave-one out 
cross-validation evaluated classification accuracy for the same MPA and VPA activities, which 
were predominantly ambulatory (e.g., treadmill walking and running). As such, generalizability 
to free living scenarios may be limited. Schaefer et al. (2014) applied their cut-points in an 
independent free-living sample and reported an estimate of ~300 min of daily MVPA, which 
was noted as being higher than estimates published in other studies. The authors suggested that 
this could possibly be due to light PA being misclassified as MVPA, although this free-living 
application did not have a criterion measure to evaluate potential misclassification. Further 
studies in independent samples of children using lifestyle activities that reflect the diversity in 
children’s movements during PA and a valid criterion measure would provide more robust 
evidence of cut-point accuracy. Phillips et al.’s (2013) cut-points were cross-validated in an 
independent sample of 5-8 year-olds (Duncan et al. 2016) and exhibited high accuracy for 
classifying VPA (area under the receiver operating characteristic curve (ROC-AUC) = 0.97) 
and MPA (ROC-AUC = 0.82). However, the sample size was small (n = 15), the protocol 
included a limited range of activities, and the cut-points were not cross-validated in children 
older than 8 years. 
 




These independent calibration studies have resulted in different cut-points, ranging from 192mg 
(Hildebrand et al. 2014) to 314mg (Schaefer et al. 2014) and 696mg (Hildebrand et al. 2014) to 
998mg (Schaefer et al. 2014) for MPA and VPA, respectively; thus providing different PA 
estimates, which makes it difficult to compare outcomes between studies. Validation studies 
that simultaneously compare multiple cut-points would assist researchers in identifying and 
applying the most accurate approach to assessing children’s PA using cut-points for wrist-worn 
raw acceleration data, which would enhance consistency between studies and the comparability 
of findings.  
 
To our knowledge, no previous validation studies have been conducted in children in which 
wrist acceleration cut-points for classifying PA intensity have been evaluated simultaneously 
in an independent sample, using a standardised activity protocol and a criterion measure of 
energy expenditure. Therefore, the aim of this study was to evaluate the performance of wrist 
acceleration cut-points for classifying MPA, VPA and MVPA and estimating time spent in PA 






Fifty-seven children aged 5-12y who were without physical or health conditions that would 
affect participation in PA were recruited as part of an activity monitor validation study (van 
Loo et al. 2017; van Loo et al. 2016a; van Loo et al. 2016b; van Loo et al. 2016c). The study 




was approved by the University of Wollongong Health and Medical Human Research Ethics 
Committee. Written parental consent and participant assent were obtained prior to participation. 
 
Procedures 
Participants were required to visit the laboratory on two occasions. Anthropometric measures 
were completed during the first visit using standardised procedures while children were wearing 
light clothing and with shoes removed. BMI (kg/m2) and weight status were calculated 
(Kuczmarski et al. 2002). Children completed a protocol of 15 semi-structured activities 
(Appendix 6.1) from sedentary (lying down, TV viewing, handheld e-game, writing/coloring, 
computer game), light-intensity PA (LPA: getting ready for school, standing class activity, slow 
walk, dancing), and MVPA (tidy up, brisk walk, soccer, basketball, running, locomotor course). 
Activities were equally divided over 2 visits and completed in a structured order of increasing 
intensity for 5 min (except for lying down which was done for 10 min). For analytical purposes, 
and for consistency with previous validation studies (Mattocks et al. 2007; Trost et al. 2011; 
Trost et al. 2012), the activities were categorised as non-MVPA (<4.0 METs), MPA (≥4 to <6 
METs) or VPA (≥6 METs) based on average measured energy expenditure values. Although 3 
METs has widely been used as an intensity threshold to distinguish MPA from LPA, a threshold 
of 4 METs was selected, because there is consistent evidence that 4 METs is more accurate for 
classifying MPA in children and adolescents (Saint-Maurice et al. 2016) and that brisk walking, 
a key behavioral indicator of MPA, is associated with an energy cost of approximately 4 METs 
(Trost et al. 2011). At each visit, children were fitted with a GENEActiv dorsally on the non-
dominant wrist. Children were also fitted with a portable respiratory gas analysis system 
(MetaMax® 3B, Cortex, Biophysics, Leipzig, Germany) to provide the criterion assessment of 
PA energy expenditure.  







Oxygen consumption (O2) was assessed using the MetaMax® 3B portable breath-by-breath 
respiratory gas analysis system to provide the criterion assessment of energy expenditure. The 
participants wore a facemask (Hans Rudolph, Kansas City, MO) covering their nose and mouth, 
which was held in place by a head harness. Prior to every measurement, the analyser was 
calibrated according to the manufacturer’s guidelines. Breath-by-breath data from indirect 
calorimetry were downloaded and exported using MetaSoft (version 4.3.2). Volume of O2 
uptake and CO2 production were averaged every 10s and converted into units of EE (kcal·min-
1) using the Weir equation (Weir 1949). METs were calculated by dividing mean energy 
expenditure values by resting energy expenditure (REE), which was predicted from the 
participant’s sex, age, body mass, and height using Schofield’s (19) equation for children aged 
3–10 or 10–18 yr. 
 
Activity monitor 
The GENEActiv has a waterproof design and measures tri-axial accelerations ranging in 
magnitude ±8g at a sample frequency ranging from 10-100Hz. Acceleration values are digitized 
by a 12-bit analog-to-digital converter. Accelerometers were initialised with a sample 
frequency of 100Hz. Data reduction approaches were performed according to the methods 
reported in calibration studies by Hildebrand et al. (2014), Phillips et al. (2013) and Schaefer et 
al. (2014) for the development of the three cut-points evaluated. Raw wrist data were 
downloaded using the GENEActiv software version 2.2. Signal processing codes from 
Hildebrand et al. (2014) were downloaded and applied to convert raw acceleration data into 1s 




epochs according to the Euclidian norm minus one (ENMO) approach. This method subtracted 
1g from the Euclidian norm (EN = sqrt (x2 + y2 +z2)), after which negative values were rounded 
up to zero. According to the methods described by Phillips et al. (2013),  raw acceleration data 
was converted into 1s epochs using the GENEActiv post processing software, in order to create 
gravity-subtracted signal vector magnitude (SVMgs) data. Customized software was developed 
using the statistical computing language R (v.3.1.2) in order to apply a band-pass filter to the 
raw acceleration data (4th order Butterworth filter with ω0 = 0.2-15Hz) in order to remove the 
gravitational acceleration component as well as high-frequency sensor noise, as described by 
Schaefer et al. (2014). EN was taken from the three resulting signals and averaged per 1s epoch. 
This method is referred to as Bandpass Filtered followed by Euclidian Norm (BFEN) (van Hees 
et al. 2013). The methods of the calibration studies resulted in sets of cut-points as described 
below in order of increasing acceleration magnitude, and hereafter referred to as:  
 Hildebrand et al. (2014), ENMO192+: non-dominant wrist; MPA, 192-695 mg; VPA, 
≥696 mg.  
 Phillips et al. (2013), GENEA250+: right wrist; MPA, >275 to ≤700 mg; VPA, >700 mg, 
left wrist; MPA, >250 to ≤750 mg; VPA, >750 mg. Calibration procedures for these 
cut-points were based on the cumulative sum of gravity-based accelerations measured 
with a sample frequency of 80Hz, making the original cut-points frequency dependent 
(Hildebrand et al. 2014). For presentation purposes, the cut-point values were converted 
from a time dependent unit (g.seconds) to the time independent unit mg in order to 
compare with values of other cut-points. 
 Schaefer et al. (2014), BFEN314+: non-dominant wrist; MPA, 314-998 mg; VPA, ≥998 
mg.   
The 1s epochs for accelerometry data of all methods were averaged over 10s windows in order 
to align with indirect calorimetry data.  





Data labelling and synchronization 
At the beginning of each laboratory visit, the activity monitors and indirect calorimetry were 
synchronized with an internal computer clock. EE data (10s epochs) were classified as MPA 
(≥4 to <6 METs), VPA (≥6 METs) or alternatively, non-MVPA (<4 METs). MPA and VPA 
were subsequently combined and classified as MVPA (≥4 METs). After applying the cut-
points, predicted intensity classification for the wrist acceleration data was aligned with the 
ground truth EE data in order to examine classification accuracy. Estimated time spent in each 
PA intensity using indirect calorimetry or wrist accelerometry was established by summing the 
10s epochs classified for each intensity. 
 
Statistical analyses  
Normality of the data was confirmed prior to analyses. Classification accuracy for each set of 
cut-points (MPA, VPA, non-MVPA) was examined by calculating weighted κ statistics. Kappa 
coefficients were interpreted using the ratings suggested by Landis and Koch (1977): poor (0 – 
0.2), fair (0.2 – 0.4), moderate (0.4 – 0.6), substantial (0.6 – 0.8), and almost perfect (0.8 – 1.0). 
Contingency tables were applied to summarize classification accuracy and percentage of 
misclassified epochs for each intensity. Because of the public health focus on MVPA, the 
intensities of MPA and VPA were combined as one dichotomous variable MVPA and the 
classification accuracy was evaluated using sensitivity, specificity and area under the receiver 
operating characteristic curve (ROC-AUC). ROC-AUC values were defined as excellent 
(≥0.90), good (0.80-0.89), fair (0.70-0.79), or poor (< 0.70) (Metz 1978). The equivalence of 
time estimates between the cut-points and indirect calorimetry for each intensity was examined 
at the group level using the 95% paired equivalence test. In order to reject the null-hypothesis 
of the equivalence test, the 90% confidence interval (CI) of time spent in the intensity predicted 




by the monitors should fall entirely within the predefined equivalence region of ±10% 
(Batterham et al. 2016). Measurement agreement and systematic bias for estimated time spent 
in intensities were evaluated at the individual level using Bland-Altman procedures (Altman & 
Bland 1983). Analyses were performed using the statistical computing language R v.3.1.2 (The 




Descriptive characteristics of participants are presented in Table 6.1. All participants completed 
the protocol. For one of the visits, wrist acceleration data were unavailable for 3 children.  Data 
from one child were entirely excluded from the analyses and data from 3 participants for a total 
of 8 activities were excluded because of indirect calorimetry failure. A total of 25,452 PA 








Table 6.1 Participant characteristics 
Characteristics 
 
Age (y) 9.2 ± 2.3 
Sex 
 
  Boys (n) 28 (49.1%) 
  Girls (n) 29 (50.9%) 
Height (cm) 135.9 ± 14.6 
Body mass (kg) 32.7 ± 10.9 
BMI percentile 53.2 ± 28.6 
  Overweight (n) 7 (12.3%) 
  Obese (n) 2 (3.5%) 
Age distribution  
    5-7 (n=19) 33.3% 
    8-18 (n=24) 42.1% 
    11-12 (n=14) 24.6% 
Race 
 
  Caucasian (n) 54 (94.7%) 
  Asian (n) 3 (5.3%) 
Characteristics of the participants are presented as mean ± SD, 
distributions of the sample are presented in percentages. Weight 
status was classified according to the 2000 Centers for Disease 
Control and Prevention Growth Charts for the United States 
(Kuczmarski et al. 2002). 
 
Applying the contingency tables for classification accuracy (Table 6.2), ENMO192+ (κ = 0.65 
[95% confidence interval (CI): 0.64 to 0.66]), GENEA250+ (κ = 0.71 [95% CI: 0.70 to 0.72]) 
and BFEN314+ (κ = 0.75 [95% CI: 0.74 to 0.76]) exhibited substantial agreement. The proportion 
of correctly classified epochs for the BFEN314+ MPA and VPA cut-points (72.1% and 83.0%, 
respectively) was higher than for the ENMO192+ cut-points (46.6% and 53.9%, respectively) 




and the GENEA250+ cut-points (49.8% and 65.8%, respectively). BFEN314+ misclassified 14.2% 
of MPA epochs as non-MVPA and 13.8% of MPA epochs as VPA. However, the proportions 
of non-MVPA (16.5% epochs) and VPA (16.3% epochs) misclassified as MPA were larger. 
The highest proportions of misclassification for ENMO192+ and GENEA250+ on the other hand 
were found for MPA misclassified as non-MVPA (ENMO192+: 46.0% epochs; GENEA250+: 
40.8% epochs) and VPA misclassified as MPA (ENMO192+: 36.2% epochs; GENEA250+: 30.3% 
epochs). Classification accuracy for MVPA was good for all cut-points (ROC-AUC: 
ENMO192+, 0.85 [95% CI: 0.85 to 0.86]; GENEA250+, 0.86 [95% CI: 0.85 to 0.86]; BFEN314+, 
0.87 [95% CI: 0.87 to 0.88]). Although the true-positive rate (sensitivity) for BFEN314+ (0.93) 
was higher than for ENMO192+ (0.78) and GENEA250+ (0.79), specificity for BFEN314+ was 
lower (0.82) compared to other cut-points (ENMO192+, 0.94; GENEA250+, 0.92).  
 
  




Table 6.2 Contingency tables for classification accuracy of raw wrist acceleration cut-
points 
Actual Intensity Cut-points classification of intensity 
  1 2 3 
  ENMO192+ 
1. non-MVPA 14032 (93.1) 904 (6.0) 137 (0.9) 
2. MPA 2181 (46.0) 2213 (46.6) 352 (7.4) 
3. VPA 560 (9.9) 2039 (36.2) 3034 (53.9) 
 
GENEA250+ 
1. non-MVPA 13887 (92.1) 1035 (6.9) 161 (1.1) 
2. MPA 1936 (40.8) 2363 (49.8) 447 (9.4) 
3. VPA 217 (3.9) 1707 (30.3) 3709 (65.8) 
 
BFEN314+ 
1. non-MVPA 12322 (81.7) 2493 (16.5) 258 (1.7) 
2. MPA 672 (14.2) 3421 (72.1) 653 (13.8) 
3. VPA 42 (0.7) 918 (16.3) 4673 (83.0) 
The presented values indicate the proportion of epochs classified for each intensity, with percentages 
presented between brackets. The values in boldface indicate the proportion of epochs correctly classified 
for the physical activity intensity. MPA: moderate physical activity; VPA: vigorous physical activity; 
MVPA: moderate- to vigorous-intensity physical activity; ENMO: cut-points developed using Euclidian 
norm minus one; GENEA: cut-points developed using the GENEActiv post processing software; BFEN: 
cut-points developed using Bandpass Filtered followed by Euclidian Norm. 
 
At the group level, estimated time spent in VPA was equivalent (p < 0.01) to indirect 
calorimetry for BFEN314+ (Figure 6.1). Although none of the wrist cut-points were equivalent 
(p > 0.05) to the criterion measure for estimating time spent in MPA or MVPA, the means 
and/or 90% CIs for estimated time spent in MPA and MVPA for ENMO192+ and GENEA250+ 
overlapped the equivalence region and thus approached equivalence.  
 





Figure 6.1 95% equivalence test for raw wrist acceleration-based estimated time spent in physical 
activity intensities. Times estimated by wrist-worn cut-points are equivalent to indirect calorimetry if 
90% confidence intervals lie entirely within the equivalence region of indirect calorimetry. MPA: 
moderate physical activity; VPA: vigorous physical activity; MVPA: moderate- to vigorous-intensity 
physical activity; ENMO: cut-points developed using Euclidian norm minus one; GENEA: cut-points 
developed using the GENEActiv post processing software; BFEN: cut-points developed using Bandpass 
Filtered followed by Euclidian Norm. 
 
Outcomes of the Bland-Altman analyses are presented in Table 6.3 and Appendix 6.3. 
BFEN314+ overestimated time spent in VPA by a small margin of 0.5% (limits of agreement 
[LoA]: -39.7% – 40.6%), whereas ENMO192+ and GENEA250+ underestimated time spent in 
VPA by 53.7% (LoA: 152.1% – 44.6%) and 28.6% (LoA: 96.6% – 39.4%), respectively. 
Overestimation of time spent in MPA was larger for BFEN314+ (34.4% [LoA: -20.4% – 89.1%]) 
compared to ENMO192+ (2.6% [LoA: -73.6% – 78.7%]) and GENEA250+ (1.5% [LoA: -76.9% 
– 80.0%]). Likewise, time spent in MVPA was overestimated by BFEN314+ (18.3% [LoA: -
13.5% – 50.2%]), while ENMO192+ (12.6% [LoA: -43.5% – 18.3%]) and GENEA250+ (9.3% 




[LoA: -41.6% – 23.0%]) underestimated time spent in MVPA to a smaller extent. At the 
individual level, LoAs were wide for all cut-points and for all intensities, especially for MPA 
estimates from all cut-points and for VPA estimates from the ENMO192+ and GENEA250+. 
Visual inspection of the plots indicated systematic bias fortime spent in MPA and VPA estimated 
by all cut-points. Plots for MPA estimates (Figures 6.2a, 6.2d, 6.2g) show a trend from large 
underestimation to overestimation when more time was spent in the intensity. Plots for VPA 
estimates from the ENMO192+ and GENEA250 (Figures 6.2b, 6.2e, 6.2h). For all cut-points, no 
systematic bias was found for estimated time spent in MVPA (Figures 6.2c, 6.2f, 6.2i).  
 
  




Table 6.3 Agreement analysis of raw wrist acceleration-based estimations of physical 
activity intensities compared to indirect calorimetry. 
Intensity Mean bias (%) Limits of agreement p-value slope 
ENMO192+ 
MPA -2.6 -78.7 - 73.6 0.00 
VPA 53.7 -44.6 - 152.1 0.00 
MVPA 12.6 -18.3 - 43.5 0.85 
GENEA250+ 
MPA -1.5 -80.0 - 76.9 0.01 
VPA 28.6 -39.4 - 96.6 0.00 
MVPA 9.3 -23.0 - 41.6 0.03 
BFEN314+ 
MPA -34.4 -89.1 - 20.4 0.01 
VPA -0.5* -40.6 - 39.7 0.04 
MVPA -18.3 -50.2 - 13.5 0.11 
MPA: moderate physical activity; VPA: vigorous physical activity; MVPA: moderate- to vigorous-
intensity physical activity; ENMO: cut-points developed using Euclidian norm minus one; GENEA: 
cut-points developed using the GENEActiv post processing software; BFEN: cut-points developed 
using Bandpass Filtered followed by Euclidian Norm. Mean bias was calculated as: measured intensity 
time – estimated intensity time; a positive value indicates underestimation; a negative value indicates 
overestimation. *Significantly equivalent to indirect calorimetry (p < 0.05). 
 
6.4 Discussion  
 
Current international PA guidelines specify that children should accumulate a minimum of 60 
minutes per day of MVPA (World Health Organization 2010). Therefore, the accurate 
measurement of MVPA is central to understanding the prevalence and patterns of PA, the dose 
of PA required to achieve health benefits, the determinants of PA, and the effect of PA 
interventions for children which typically target MVPA. This study simultaneously cross-
validated 3 previously published wrist acceleration cut-points for the classification of MVPA 
in children. ENMO192+, GENEA250+ and BFEN314+ demonstrated good classification accuracy 




for MVPA. Although none of the cut-points were equivalent to indirect calorimetry for 
estimating time spent in MVPA, estimates from ENMO192+ and GENEA250+ approached 
equivalence. Misclassification of non-MVPA as MVPA resulted in an overestimation of time 
spent in MVPA for BFEN314+. Although ENMO192+ and GENEA250+ classified non-MVPA 
more accurately, these cut-points still misclassified a significant proportion of MVPA epochs 
as non-MVPA (26.4 %).  
 
Findings from the current study were similar to findings in previous independent cross-
validation studies, which demonstrated good classification accuracy for MVPA estimates from 
raw acceleration wrist cut-points (Duncan et al. 2016; Schaefer et al. 2014), and that 
classification for VPA is generally higher than for MPA (Duncan et al. 2016; Hildebrand et al. 
2014; Schaefer et al. 2014). Even though classification of MPA, VPA and MVPA was most 
accurate for BFEN314+, ENMO192+ and GENEA250+ estimated time spent in MPA and MVPA 
more accurately than BFEN314+. This is because the proportion of VPA epochs misclassified as 
MPA by ENMO192+ and GENEA250+ was approximately equal to the number of MPA epochs 
misclassified as non-MVPA, resulting in estimates of time spent in MPA and MVPA that 
approached equivalence with the criterion measure. Time spent in MPA was overestimated by 
BFEN314+ because a relatively large proportion (16.5%) of non-MVPA was misclassified as 
MPA, which was in agreement with Schaefer et al.’s (Schaefer et al. 2014) application in free-
living individuals. This misclassification could be explained by activities of light intensity that 
involve vigorous wrist movements. For example, BFEN314+ misclassified 66.0% of non-MVPA 
as MPA during the non-MVPA activity “Getting ready for school” (Appendix 6.2), an activity 
of low intensity that involved relatively high wrist motion (e.g., while getting dressed, packing 
a schoolbag, brushing hair etc.) The opposite effect may occur when MVPA activities involve 
limited wrist movement. As such, the ENMO192+ and GENEA250+ misclassified 85.8% and 




79.6%, respectively, of MPA as non-MVPA during “Tidy up”, an activity of MPA intensity 
that may have involved limited upper body and wrist motions due to carrying objects while 
walking. Because of the public health focus on MVPA, misclassification by wrist cut-points of 
MPA as VPA and vice-versa may not represent a major measurement limitation. However, 
increased interest among researchers in the influence of sedentary behaviors, defined as any 
waking behaviors in a sitting or reclining position that require an energy expenditure of ≤1.5 
METs (Sedentary Behaviour Research Network 2012), on health makes it critical to 
discriminate between these behaviors and MVPA. Previous studies have stated that accurate 
assessment of sedentary behaviors and the number of breaks in sedentary time based on a lack 
of wrist movement is challenging (Hildebrand et al. 2014; Rosenberger et al. 2013; van Loo et 
al. 2016c). The findings from this study confirm that the use of the magnitude of acceleration 
only might not be effective in distinguishing sedentary from non-sedentary postures (van Loo 
et al. 2016c) and progress on alternative approaches, such as those utilising machine learning 
(Hagenbuchner et al. 2015; Trost et al. 2012; van Loo et al. 2016c), is required.  
 
An additional limitation of the wrist cut-points validated in the current study is that calibration 
studies used different processing methodologies. While Schaefer et al. (2014) used a filtering 
approach to remove static accelerations from the tri-axial data, Hildebrand et al. (2014) and 
Phillips et al. (2013) subtracted the value of gravity from the vector magnitude, in order to focus 
the outcome variable on dynamic rather than static accelerations (Esliger et al. 2011). 
Hildebrand et al. (2014) used the ENMO method, which rounds negative values, resulting from 
subtracting the vector magnitude by 1g, up to zero. Phillips et al. (2013) on the other hand, 
replaced the negative values with their absolute values and summed the resulting values, which 
creates a dependency on sample frequency, and thus the cut-points should be converted when 
using different sample frequencies in order to compare results across studies. The ENMO192+ 




and BFEN314+ were developed using averaged acceleration magnitudes and can be used for 
different sample frequencies and epoch lengths. The different processing methods also resulted 
in different units for the outcomes; Hildebrand et al. (2014) and Schaefer et al. (2014) used 
gravity units in g and mg, respectively, whereas Phillips et al. (2013) used gravity-based 
acceleration seconds. Taking all of this into account makes it complicated to compare results 
from the different cut-points and, as the field progresses, it is important that procedures are 
standardized.  
 
A strength of this study was that several currently available raw wrist acceleration cut-points 
were evaluated simultaneously, against a criterion measure. The study included a broad age 
range and an equal distribution of age and sex across the sample. Additionally, a range of tasks, 
beyond treadmill-based ambulatory activities, that are likely to resemble children’s free-living 
behaviors were included in the protocol. Although these activities reflect daily activities that 
children typically engage in, the findings of the present study should be confirmed under free-
living conditions. A potential limitation of this study is that validation focused on MVPA and 
did not include light PA or sedentary behavior. Our previous cross-validation study (van Loo 
et al. 2016c) of sedentary cut-points demonstrated that, while hip-based cut-points typically 
misclassify light activities (e.g. standing still) as sedentary postures, wrist cut-points exhibit 
some misclassification of non-sedentary behaviors as sedentary and vice-versa. Therefore, it is 
essential to apply the most accurate intensity specific cut-points for accurate estimates of 
sedentary behaviors and light intensity PA. However, in order to investigate the accuracy of 
cut-point for distinguishing sedentary behaviors from light intensity PA, postures such as sitting 
and standing should preferably be evaluated. This is typically performed using alternative 
criterion measures, such as direct observation, as described in our previous work (van Loo et 
al. 2016a).  Another potential limitation is that acceleration signals were not calibrated to local 




gravity before analysis in order to minimize sensor calibration errors, as described by van Hees 
et al. (2014). Finally, it should be noted that cut-points evaluated in this study were developed 
for the GENEActiv activity monitor. ActiGraph cut-points were not cross-validated because 
only one study (Hildebrand et al. 2014) has published raw acceleration-based MVPA cut-points 
for this brand, and thus there are no alternative cut-points available to compare against. That is, 
researchers using the ActiGraph have only one set of raw acceleration cut-points to choose 
from. Because the GENEActiv and ActiGraph cut-points from Hildebrand et al. (2014) were 
developed in the same study using identical methodologies, the validity of the ActiGraph cut-




In conclusion, although raw acceleration wrist cut-points exhibited good accuracy for 
classifying MVPA in children, all cut-points misclassified a significant proportion of MVPA 
epochs as non-MVPA. While the cut-points demonstrated acceptable estimates of time spent in 
MPA, VPA, and MVPA at the group level, their application was less accurate for individual 
measures. When combined with the practical advantages of wrist worn placement, surveillance 
application of the raw wrist acceleration cut-points would be acceptable for group level 
estimates of MVPA, although alternative data processing approaches such as machine learning 
methods may be needed to achieve a generally higher accuracy for the assessment of PA 
intensities among individual children. 
  






Table 6.4 Activity Protocol 
Activity 
Type 
Activity Trial Intensity Description of Activity Trial 
Resting Lying down Sedentary Lying down awake on a mattress in supine position - arms at 
sides - rest for 10 min. 
Sitting TV viewing Sedentary Watching a movie in a comfortable chair. Instructed to 
minimize body movements. 
 Handheld e-game Sedentary Sitting on a chair at a desk playing an e-game on a handheld 
device. 
 Writing/coloring Sedentary Sitting on a chair at a desk, 5-8 y: coloring on paper using 
pencils, 9-12 y: copying words on a pad of paper using a 
pencil. 
 Computer game Sedentary Sitting on a chair at a desk playing an educational computer 
game. 
Lifestyle Getting ready for 
school 
Light Get dressed, set table, pour food, pack up, brush teeth, pack 
bag, leave for school. 
 Standing class 
activity 
Light Standing activities with minimal movement such as 
writing/drawing on a white board. 
 Dancing  Light Following a video with dance step instructions (Zumba® 
fitness). 
 Tidy up  Moderate Tidying up a 4x5 m area: pick up clothes, towels, toys and 
sport equipment and return them into boxes. 
 Basketball Moderate Shooting a basketball using a 2.29 m adjustable hoop, chase 
the ball within a 4.9x4.6 m area and bounce back to the start 
position at the boundary line apposite from the hoop. 
 Soccer Vigorous Kicking a foam soccer ball on a 5 m distance between a 1 m 
wide goal after dodging between a straight line of 5 cones (1 
m apart). Instructed to jog back to start position after kicking 
the ball. 
 Locomotor course Vigorous Continuously completing a course including 4x 2-foot jump, 
jogging and sliding between cones around a 4x9.5 m area. 
Ambulatory Slow walk Light Walking slowly at a self-selected comfortable speed around a 
45 m indoor track. Examiner regulates constant speed by 
recording lap times. 
 Brisk walk Moderate Walking briskly at a self-selected brisk comfortable speed 
around a 45 m indoor track. Examiner regulates constant speed 
by recording lap times. 
  Running Vigorous Run at a self-selected comfortable speed around a 45 m indoor 
track. Examiner regulates constant pace by speed lap times. 
All activities are completed for 5 min 
 
 
Appendix 6.2  
 
Table 6.5 Confusion matrix for raw wrist accelerometry cut-points: sedentary and light physical activity intensity activities. 
Values in boldface indicate the percentage of epochs correctly classified. MPA: moderate physical activity; VPA: vigorous physical activity; MVPA: moderate- to 
vigorous-intensity physical activity; ENMO: cut-points developed using Euclidian norm minus one; GENEA: cut-points developed using the GENEActiv post 




















1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3  
ENMO192+ 
1. non-MVPA 100.0 0.0 - 100.0 0.0 - 99.9 0.1 - 100.0 0.0 - 99.9 0.1 - 99.1 0.9 - 97.3 2.0 0.8 80.9 18.5 0.6 
2. MPA 100.0 0.0 - - - - - - - 100.0 0.0 - - - - 100.0 0.0 - 92.3 7.4 0.3 55.5 44.5 0.0 
3. VPA - - - - - - - - - - - - - - - - - - - - - 25.0 75.0 0.0 
4. MVPA 
 
0.0  -  -  0.0  -  0.0  7.7  44.7  
GENEA250+ 
1. non-MVPA 100.0 0.0 - 100.0 - - 100.0 0.0 - 100.0 0.0 - 99.4 0.6 - 98.8 1.2 - 96.8 2.4 0.8 69.8 29.5 0.7 
2. MPA 100.0 0.0 - - - - - - - 100.0 0.0 - - - - 100.0 0.0 - 91.4 8.3 0.3 47.0 53.0 0.0 
3. VPA - - - - - - - - - - - - - - - - - - - - - 25.0 75.0 0.0 
4. MVPA 
 
0.0  -  -  0.0  -  16.7  12.3  48.5  
BFEN314+ 
1. non-MVPA 99.8 0.2 - 100.0 0.1 - 98.7 1.3 - 99.9 0.1 - 98.4 1.6 - 87.3 12.7 - 33.3 66.0 0.8 63.7 35.3 1.1 
2. MPA 100.0 0.0 - - - - - - - 100.0 0.0 - - - - 100.0 0.0 - 18.5 80.9 0.6 38.5 61.4 0.1 
3. VPA - - - - - - - - - - - - - - - - - - - - - 25.0 25.0 50.0 
4. MVPA  0.0  -  -  0.0  -  0.0  81.5  61.6 













Values in boldface indicate the percentage of epochs correctly classified. MPA: moderate physical activity; VPA: 
vigorous physical activity; MVPA: moderate- to vigorous-intensity physical activity; ENMO: cut-points developed 
using Euclidian norm minus one; GENEA: cut-points developed using the GENEActiv post processing software; BFEN: 
cut-points developed using Bandpass Filtered followed by Euclidian Norm.  
Actual Intensity Dancing Brisk walk Tidy up 
  1 2 3 1 2 3 1 2 3 
  ENMO192+ 
1. non-MVPA 40.6 54.2 5.2 48.4 51.6 0.0 91.6 8.4 0.0 
2. MPA 19.2 61.8 19.1 23.2 76.4 0.4 85.8 14.2 0.0 
3. VPA 12.0 56.4 31.6 3.4 96.6 0.0 64.2 35.8 0.0 
4. MVPA   87.5   79.6  17.7  
GENEA250+ 
1. non-MVPA 38.2 55.0 6.8 43.2 56.8 0.0 86.1 13.9 0.0 
2. MPA 12.1 61.2 26.7 20.3 78.9 0.8 79.6 20.4 0.0 
3. VPA 3.4 46.2 50.4 8.6 90.5 0.9 59.7 40.3 0.0 
4. MVPA   89.9  78.2  28.4  
BFEN314+ 
1. non-MVPA 14.3 70.8 14.9 34.4 65.6 0.0 28.6 71.4 0.0 
2. MPA 0.7 59.0 40.3 14.2 84.8 1.0 6.6 93.4 0.0 
3. VPA 0.0 35.9 64.1 0.9 90.5 8.6 6.5 93.5 0.0 
4. MVPA   99.4   86.9  93.4 
















Values in boldface indicate the percentage of epochs correctly classified. MPA: moderate physical activity; VPA: vigorous physical activity; 
MVPA: moderate- to vigorous-intensity physical activity; ENMO: cut-points developed using Euclidian norm minus one; GENEA: cut-points 






Basketball Running Locomotor course Soccer 
  1 2 3 1 2 3 1 2 3 1 2 3  
ENMO192+ 
1. non-MVPA 30.0 68.3 1.7 21.5 23.4 55.1 20.7 39.1 40.2 45.6 38.2 16.2 
2. MPA 17.0 78.1 4.9 6.1 22.1 71.8 13.8 39.4 46.8 15.7 35.2 49.1 
3. VPA 7.5 71.6 21.0 9.4 19.2 71.4 7.7 28.5 63.8 7.2 19.2 73.6 
4. MVPA  96.4  98.5  98.2  98.8  
GENEA250+ 
1. non-MVPA 38.3 58.3 3.3 21.5 22.4 56.1 29.3 34.5 36.2 48.5 32.4 19.1 
2. MPA 15.2 77.7 7.1 4.6 20.6 74.8 6.5 29.0 64.5 9.3 36.1 54.6 
3. VPA 3.0 63.8 33.2 1.1 15.0 83.9 1.7 17.6 80.7 0.6 17.2 82.2 
4. MVPA   95.8  98.5  98.1  98.6  
BFEN314+ 
1. non-MVPA 13.3 75.0 11.7 13.1 19.6 67.3 11.5 21.8 66.7 39.7 26.5 33.8 
2. MPA 3.1 71.9 25.0 3.8 3.1 93.1 5.3 13.8 80.9 8.3 19.4 72.2 
3. VPA 0.2 31.7 68.1 0.9 2.4 96.7 0.7 5.6 93.8 0.3 5.7 94.1 
4. MVPA   99.3   98.8  99.0  99.1 









Figure 6.2 Bland-Altman plots with 95% limits of agreement for time spent in moderate- (a, d, g), 
vigorous- (b, e, h), and moderate- to vigorous-intensity physical activity (c, f, i). Mean bias was calculated 
as: measured time spent in the intensity – estimated time spent in the intensity; a positive value indicates 
underestimation; a negative value indicates overestimation. IC: indirect calorimetry; ENMO: cut-points 
developed using Euclidian norm minus one; GENEA: cut-points developed using the GENEActiv post 
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Traditional activity monitor-based approaches that use single regression equations to predict 
children’s energy expenditure from acceleration data, such as those for hip-mounted monitors 
or for the activPAL3TM (Chapter 4) have difficulties in accurately predicting children’s energy 
expenditure across the spectrum of activities that children engage in. Multi-sensor devices, such 
as the SenseWear Mini, that combine accelerometry data with physiological data for estimating 
energy expenditure provide the potential to overcome this limitation. Therefore, Chapter 7 
addresses Aim 3 of this thesis: to examine the accuracy of a multi-sensor activity monitor for 
predicting energy expenditure in children. In this chapter, the following research question is 
investigated: 
RQ8: What is the accuracy of the most recent upgrade of the SenseWear Mini algorithms 













Physical activity (PA) is an established determinant of children’s health (Janssen & Leblanc 
2010) and the energy expenditure (EE) from PA might be particularly important for obesity and 
chronic disease prevention (Wareham et al. 2005). Prevalence data show low levels of PA 
among school-aged children and adolescents (Australian Bureau of Statistics 2011-12; Riddoch 
et al. 2004; Troiano et al. 2008), making it essential to further understand and promote PA 
among these age groups. Accurate measures are of critical importance to identify the prevalence 
of participation in PA, to establish associations with health outcomes, identify correlates of PA, 
and to evaluate the effectiveness of interventions to promote PA and increase EE (Rennie & 
Wareham 1998). Accelerometer has become the method of choice for objectively measuring 
habitual PA in children (Trost 2007; Trost & Loprinzi 2011). Traditional accelerometers and 
single-regression equation data reduction approaches typically provide accurate assessments of 
EE for a limited number of activities. However, the assessment of EE is not accurate over the 
wide range of lifestyle activities in which children typically participate (Corder et al. 2008; 
Trost et al. 2011). This is partly due to the biomechanical variation of different activity types 
and the variability in activity energy costs due to growth and maturation (Harrell et al. 2005). 
 
Multi-sensor activity monitors could possibly overcome these limitations, and have the 
potential to make substantial improvements in the measurement of PA and EE during free-
living lifestyle behaviours among children. The SenseWear Mini (BodyMedia Inc., Pittsburgh, 
PA, USA; in 2013 acquired by Jawbone®, San Francisco, CA, USA) is a device that combines 
accelerometry data and multiple physiological signals i.e. heat flux, skin temperature, near-
body ambient temperature and galvanic skin response (GSR), using a pattern-recognition-based 
analysis approach (Calabro et al. 2009). The arm-mounted SenseWear Mini with integrated 
physiological sensors has the potential to assess EE of non-ambulatory activities more 




accurately than traditional accelerometers, especially those worn on the hip. A unique 
characteristic of the SenseWear activity monitor is that the company continually updates the 
algorithms as new data become available and are integrated into its pattern recognition system.  
 
Consistent improvements in the estimation of EE using updated data processing algorithms 
(v.2.0, 2.2 and 5.0) have been found in laboratory and free-living studies in children (Arvidsson 
et al. 2009a; Calabro et al. 2013; Calabro et al. 2009). A recent study by Lee et al. (2016) 
confirmed an improved activity specific accuracy of SenseWear Mini’s updated child 
algorithms (v.5.2; hereafter SW5.2), compared to the previous version (v.2.2; hereafter SW2.2). 
An ecological design was used to simulate real-world conditions by selecting 12 activities from 
a larger pool of 24, which were completed in a random order. Although this approach was a 
strength of the study, it resulted in a small sample size (n < 20) for 9 activities, and girls were 
under-represented (24.4% of the sample). No studies have validated the new algorithms in 
children <7 y. To date, validation studies have used dependent sample tests to examine 
differences between previous and updated software versions. However, no studies have 
investigated whether the EE estimates lie within an acceptable range from the criterion measure. 
Traditional analyses that fail to reject the null hypothesis of similarity do not necessarily 
demonstrate that the software algorithms meet an acceptable level of accuracy. Therefore, 
equivalence testing, where the null hypothesis is reversed to examine the equivalence of two 
methods, is recommended for validation studies as an alternative approach (Batterham et al. 
2016; Wellek 2010). This study aimed to compare the accuracy of SW2.2 and SW5.2 in school-
aged children, during a range of ambulatory and lifestyle activities, by combining standard 
analyses of measurement agreement with formal testing of equivalence.  
 






Children aged 5-12 y who were without physical or health conditions that would affect their EE 
or participation in PA were recruited as part of an activity monitor validation study. Participants 
were required to visit the laboratory twice within a 2- to 4-wk period. The study was approved 
by the University of Wollongong Health and Medical Human Research Ethics Committee. 
Parental consent and participant assent were obtained prior to participation. 
 
Participants fasted for 2 hr prior to each laboratory visit. Anthropometric measures were 
completed using standardised procedures during the first visit while children were wearing light 
clothing and with shoes removed. BMI (kg/m2) and weight status were calculated (Cole & 
Lobstein 2012). At each visit children were fitted with a SenseWear Mini and a portable 
respiratory gas analysis system (MetaMax® 3B, Cortex, Biophysics, Leipzig, Germany). 
Children completed a protocol of 15 semi-structured activities (Appendix 7.1), ranging in 
intensity from sedentary to vigorous. Activities were equally divided over 2 visits and 
completed in a structured order of increasing intensity for 5 min, except for lying down (10 
min). The activity protocol was developed to align with best practice recommendations (Welk 
et al. 2012) and included several activities that have been used in previous validation and 
calibration studies (Lee et al. 2016; Trost et al. 2011). For descriptive purposes, the activities 
were categorised as sedentary (SED: <1.5 METs), light- (LPA: ≥1.5 to <3 METs), moderate- 
(MPA: ≥3 to <6 METs) or vigorous-intensity (VPA: ≥6 METs) physical activities based on the 
Compendium of Energy Expenditure for Youth (Ridley et al. 2008). Measured and estimated 
EE values are presented in Appendix 7.2. 
 




The SenseWear Mini was placed over the triceps muscle of the left arm, according to the 
company’s guidelines. SenseWear Professional Software v.7.0 (SW2.2) and v.8.0 (SW5.2) 
were used to reduce the data. Accelerometry and additional physiological data combined with 
personal characteristics such as weight, height, age and sex are integrated in a proprietary 
algorithm to estimate EE. The analysis of the pattern of signals from the sensors is automatically 
performed by the movement-specific algorithms and outcomes of EE are exported at 1 min 
intervals.  
 
Oxygen consumption (O2) and carbon dioxide production (CO2) were assessed using the 
MetaMax® 3B portable breath-by-breath respiratory gas analysis system to provide the criterion 
assessment of EE. The participants wore a facemask (Hans Rudolph, Kansas City, MO) 
covering their nose and mouth, which was held in place by a head harness. Prior to every 
measurement, the analyser was calibrated according to the manufacturer’s guidelines. Breath-
by-breath data from IC were downloaded and exported using MetaSoft (version 4.3.2). Mean 
volume of O2 uptake and CO2 production were converted into units of EE (kcal·min-1) using 
the Weir equation (Weir 1949). 
 
The SenseWear Mini and IC were synchronised with an internal computer clock. Data from 
both SW2.2 and SW5.2 algorithms were compared with indirect calorimetry (IC) to examine 
whether the new child prediction equation was more accurate for assessing EE. Customised 
software was used to calculate minute-by-minute EE values and align the outcomes with the 
Sensewear Mini data. 
 
Mean absolute percentage error (MAPE) and Bland-Altman plots (Bland & Altman 1986) were 
used to evaluate measurement agreement, individual variability, and systematic bias across the 




range of activities. MAPE values were calculated as the average of the absolute difference 
between the software algorithm and IC divided by IC, multiplied by 100%. Pearson correlations 
were used to evaluate the influence of age and BMI percentile on the performance of SW2.2 
and SW5.2. Overall agreement of SenseWear Mini algorithms and IC was determined using the 
95% equivalence test. In order to reject the null hypothesis, the 90% confidence intervals (CI; 
100%-2α) of SW2.2 or SW5.2 should lie entirely within the predefined equivalence region of 
± 10% of the mean for IC. A mixed model ANOVA was used to compute 90% CIs including 
participants as a random effect to account for repeated measures. Normality tests showed that 
EE values were skewed. Log transformation was used as Ln(x+1) to meet the assumptions of 




Descriptive characteristics of the 57 participating children are presented in Table 7.1. All 
participants completed the protocol. Data from one child were entirely excluded from the 
analyses and data from 3 participants for a total of 8 activities were excluded because of IC 
failure. Minute-by-minute data were partly excluded when aligning IC with SenseWear Mini 
data, due to activities that were not completed parallel to the 1 min samples of the SenseWear 








Table 7.1 Participants’ characteristics 
Characteristics Mean Median IQR Min - Max 
Age (y) 9.2 9.3 3.7 5.0 - 12.9 
Sex 
     
    Boys (n = 28) 49.1% 
    
    Girls (n = 29) 50.9% 
    
Height (cm) 135.9 137.4 22.2 104.4 - 167.0 
Body Mass (kg) 32.7 29.3 16.2 16.6 - 56.0 
BMI (kg/m2) 17.1 16.6 3.3 14.0 - 23.8 
BMI percentile 53.2 53.9 49.6 5.1 - 96.8 
    Underweight (n = 4) 7.0%     
    Normal weight (n = 44) 77.2% 
    
    Overweight (n = 9) 15.8% 
    
Age distribution 
     
    5-7 (n = 19) 33.3% 
    
    8-18 (n = 24) 42.1% 
    
    11-12 (n = 14) 24.6% 
    
Race 
     
    Caucasian (n = 54) 94.7% 
    
    Asian (n = 3) 5.3% 
    
Characteristics of the participants are presented as mean ± SD, distributions of the sample are 
presented in percentages. 
 
All individual activities yielded smaller MAPE values (Figure 7.1) for SW5.2 (30.1% ± 10.7%) 
than for SW2.2 (44.0% ± 6.2%). Smallest MAPE values were found in ambulatory activities 
(slow walk: 32.5%; brisk walk: 34.8% and running: 35.6%) for SW2.2 and in sedentary 
activities (TV: 13.8%; lying down: 14.7%; computer game: 17.3%; and writing/colouring: 




23.9%) for SW5.2. MAPE values for SW2.2 were greater during SED (47.9% ± 2.2%) than 
during LPA (40.2% ± 6.9%) and MVPA (43.4% ± 7.0%). MAPE values for SW5.2 yielded 
19.0% ± 5.2%, 32.6% ± 10.2% and 37.6% ± 6.3% for SED, LPA and MVPA, respectively. 
Largest relative percentage improvement was found for SED (60.4%). Reasonable 
improvement was found for LPA (19.0%) and MVPA (13.2%), particularly for slow walk 
(24.6%), dancing (33.2%) and brisk walk (21.5%). Although clear improvement was shown for 
all activities, MAPE values for SW5.2 increased with increasing intensity of activity. 
Furthermore, MAPE values seemed negatively related to age (SW2.2: r = -0.76, p < 0.01; 
SW5.2: r = -0.53, p < 0.01) and BMI percentile (SW2.2: r = -0.37, p < 0.01; SW5.2:  r = -0.32, 
p < 0.05). 
Figure 7.1 Mean absolute percentage error of algorithms version 2.2 (SW2.2) and 5.2 (SW5.2) relative to the criterion 
measure portable indirect calorimetry across all the activities. 
 




Bland-Altman plots (Appendix 7.3) showed consistent underestimation of EE for both 
algorithms, although mean differences between the criterion measure and the algorithms for 
SW5.2 were smaller compared to SW2.2 during SED (-0.23 kcal·min-1 vs. -0.61 kcal·min-1, 
respectively), LPA (-0.69 kcal·min-1 vs. -1.07 kcal·min-1, respectively) and MVPA (-2.22 
kcal·min-1 vs. -2.57 kcal·min-1, respectively). No improvements were detected in 95% limits of 
agreement (LoA). Random error, defined as the SD of the residuals, was larger for SW5.2 
compared to SW2.2 in SED (0.22 kcal·min-1 vs. 0.20 kcal·min-1, respectively) and LPA (0.76 
kcal·min-1 vs. 0.46 kcal·min-1, respectively), whereas random error for MVPA remained equal 
(1.15 kcal·min-1). Slopes of the regression model were significantly different from zero (p < 
0.01) in all cases. As the difference between algorithms and IC were dependent on average EE 
estimates, systematic bias was present.  
 
Neither SW2.2 nor SW5.2 was equivalent to IC for all activities (p > 0.05) as none of the 90% 
CIs were entirely included in the equivalence region (Figure 7.2). 90% CIs for SW5.2 lay closer 
to the equivalence zone than for SW2.2, especially for all sedentary activities, slow walk and 
brisk walk. Means and/or 90% CIs partly overlapped with the equivalence region for lying 









Figure 7.2 95% equivalence test for logarithmically transformed energy expenditure data across sedentary (SED), 
light- (LPA) and moderate- to vigorous-intensity (MVPA) physical activities. Methods are equivalent if 90% 
confidence intervals lie entirely within the equivalence region of IC. *IC, indirect calorimetry; SW2.2, algorithms 




This study examined the validity of the most recently released SenseWear Mini algorithms for 
estimating EE in children. The updated algorithms SW5.2 underestimated EE, although overall 
improved agreement was found at the group level compared to SW2.2, particularly for 
sedentary activities and some light activities. However, large random error was present at the 




individual level and none of the estimates were found to be equivalent to the criterion measure 
for all activities. 
 
The results are broadly in agreement with other SenseWear validation studies, showing a 
consistent improvement when directly comparing previous with updated algorithms. Improved 
accuracy for the updated set of child algorithms (v.5.0) was found in a study using doubly 
labelled water (DLW) as the criterion measure among free-living 10-16 year-olds (Calabro et 
al. 2013). Large random error indicated the need for further evaluation at the individual level, 
and it was unclear if this error differed by the intensity of the activity. Lee et al. (2016) included 
45 children aged 7-13 y, who wore a portable IC system and a SenseWear Mini while 
completing 12 randomly selected activities. MAPE values of 17.1% and 4.6% showed overall 
improvement for SW5.2 during sedentary and light activities, respectively. Although MAPE 
values for SW5.2 during sedentary activities (19.0%) in our study were similar to those reported 
by Lee et al. (2016) the mean error for light activities (32.6%) was considerably higher. These 
authors found that SW5.2 was accurate for estimating EE during overground walking-based 
activities (MAPE for brisk walking: 0.51%; walking at casual pace: 1.91%; slow walking 
4.23%). However, ambulatory activities in our protocol revealed larger MAPE values (slow 
walk: 24.5%; brisk walk: 27.4%). Activities requiring vigorous arm-movements were discussed 
by Lee et al. (2016) because lower MAPE values were detected for SW2.2 compared to SW5.2, 
indicating that the new algorithm might negatively affect estimates of EE when more upper 
body movement is involved. All activities in the present study showed smaller MAPE values 
for SW5.2 compared to SW2.2. In addition, activities with the least upper-body movement 
yielded low relative percentage improvements (standing class activity: 4.2%; soccer: 6.4%; 
running: 7.2%) for the new algorithms, whereas activities with more upper body movement 
yielded higher improvement (basketball, 10.7%; getting ready for school, 19.1%; tidy up, 




19.8%; dancing, 33.2%). Based on these findings, it can be suggested that the estimates of EE 
might be affected during lifestyle activities involving a range of complex activity patterns, 
rather than the requirement of vigorous arm movements alone. It should be noted that MAPE 
values were negatively correlated with age and BMI percentile, although the associations were 
weaker with SW5.2. Thus, the algorithms might be less accurate in younger children and those 
with a lower BMI for their age and sex. This should be considered when applying the 
assessments in children. The characteristics of the algorithm development samples are 
unknown, but if the algorithms were developed in older and heavier children, this may have 
contributed to these findings. 
 
Overall errors were smaller for SW5.2 compared to SW2.2, although LoAs did not decrease. 
Lee et al. (2016) also reported better overall agreement for the new algorithms, however their 
narrower LoAs were in contrast with our findings. Even though errors increased with increasing 
intensity in both studies, no systematic bias was reported by Lee et al. (2016) Differences in 
findings could be explained by the different activities included in the protocols or the inclusion 
of a slightly younger age group and equal numbers of boys and girls in the current study. 
Furthermore, Lee et al.’s (2016) ecological design resulted in a small sample size for some 
activities. Although all participants completed all activities in our study, fewer overweight and 
no obese children were included. While a clear reason for the different findings might be hard 
to establish, it should be noted that conclusions about the accuracy of the updated SW5.2 
algorithms should be considered with caution.  
 
Our findings from Bland-Altman plots were similar to those of Calabro et al. (2013), indicating 
that improved accuracy at the group level with the updated algorithms was not accompanied 




with improvements at the individual level. LoAs in our plots became notably wider for LPA. 
This is likely explained by a group of extreme errors for the activities of getting ready for school 
and dancing. Most of these errors originated from data in overweight children and suggested 
large overestimation in these particular cases. A study by Bäcklund et al. (2011) showed that a 
previous set of algorithms (v2.0) was more accurate for estimates of EE than the updated SW2.2 
in overweight and obese free-living children. A significant underestimation of 18% was 
detected when the update was applied. The difference between algorithms was particularly high 
during LPA when directly compared with each other. A correction for overweight and obese 
children was the company’s key focus when updating to algorithms version 5 (Calabro et al. 
2013), which might have a negative effect at the individual level for this category and a shift 
toward overestimation of energy levels might occur. 
 
Despite the improvements for the new algorithms in both previous studies and the current study, 
overall MAPE values for SW5.2 remain large and non-equivalence between SW5.2 and the 
criterion measure IC was demonstrated by this study. 90% CIs for sedentary and overground 
walking (slow walk and brisk walk) lay very close to the equivalence range, indicating that 
estimates were reasonably accurate for these activities. However, as demonstrated by Bland-
Altman plots in Lee et al.’s (2016) study and the current study, the equivalence plot confirms 
that errors increased with increasing intensity for SW5.2. An underestimation (MAPE) of 
37.6% for MVPA means that if a 10 year-old boy used 225 kcal during 30 min of soccer, SW5.2 
would underestimate his EE by 84.6 kcal, which is two times his resting EE (measured EE 
while lying down) over the same amount of time.  
 




A strength of this study is the large sample size including a broad age range and an equal 
distribution of age and sex across the sample. Furthermore, the protocol involved a wide range 
of semi-structured lifestyle activities to assist with generalising the findings to free-living 
conditions. By evaluating the activity-specific accuracy of the SW2.2 and SW5.2 algorithms at 
the individual level, we were able to provide insight into measurement errors identified in the 
previous free-living study (Calabro et al. 2013). A unique strength of this study was the analysis 
of equivalence that provides new information to the findings from previous studies showing 
significantly lower errors for the updated algorithms. By using the equivalence test as an 
alternative method, we were able to examine whether the reduced measurement errors lay 
within a conventional range of ±10% of the criterion. It is recommended for future validation 
studies to use similar methods of analysis, in an effort to directly compare findings. As a 
potential limitation of this type of testing, it should be noted that although the arbitrary ±10% 
is conventional, it is unclear if it represents a clinically meaningful range (i.e., a difference in 
behaviour that might have important implications for children’s health). Another limitation of 
this study is that we did not include cycling, an activity that is proven to be difficult to assess 
with traditional accelerometry-based activity monitors. Furthermore, because the company does 
not provide detailed information about the proprietary algorithms, it is impossible to 
independently evaluate how the algorithms might affect the outcomes. Future validation 




The SW5.2 algorithms demonstrated improved accuracy at the group level, particularly for 
sedentary and ambulatory activities, however measurement errors remain large and estimates 




of EE were not found to be equivalent to IC. At the individual level, systematic bias was found 
for both algorithms and errors increased with increasing intensity for SW5.2.  
  






Table 7.2 Activity protocol 
Activity 
Type 
Activity Trial Intensity Description of Activity Trial 
Resting Lying down Sedentary Lying down awake on a mattress in supine position - arms at 
sides - rest for 10 min. 
Sitting TV viewing Sedentary Watching a movie in a comfortable chair. Instructed to 
minimise body movements. 
 Handheld e-game Sedentary Sitting on a chair at a desk playing an e-game on a handheld 
device. 
 Writing/colouring Sedentary Sitting on a chair at a desk, 5-8 y: colouring on paper using 
pencils, 9-12 y: copying words on a pad of paper using a 
pencil. 
 Computer game Sedentary Sitting on a chair at a desk playing an educational computer 
game. 
Lifestyle Getting ready for 
school 
Light Get dressed, set table, pour food, pack up, brush teeth, pack 
bag, leave for school. 
 Standing class 
activity 
Light Standing activities with minimal movement such as 
writing/drawing on a white board. 
 Dancing  Light Following a video with dance step instructions (Zumba® 
fitness). 
 Tidy up  Moderate Tidying up a 4x5 m area: pick up clothes, towels, toys and 
sport equipment and return them into boxes. 
 Basketball Moderate Shooting a basketball using a 2.29 m adjustable hoop, chase 
the ball within a 4.9x4.6 m area and bounce back to the start 
position at the boundary line apposite from the hoop. 
 Soccer Vigorous Kicking a foam soccer ball on a 5 m distance between a 1 m 
wide goal after dodging between a straight line of 5 cones (1 
m apart). Instructed to jog back to start position after kicking 
the ball. 
 Locomotor course Vigorous Continuously completing a course including 4x 2-foot jump, 
jogging and sliding between cones around a 4x9.5 m area. 
Ambulatory Slow walk Light Walking slowly at a self-selected comfortable speed around a 
45 m indoor track. Examiner regulates constant speed by 
recording lap times. 
 Brisk walk Moderate Walking briskly at a self-selected brisk comfortable speed 
around a 45 m indoor track. Examiner regulates constant speed 
by recording lap times. 
  Running Vigorous Run at a self-selected comfortable speed around a 45 m indoor 
track. Examiner regulates constant pace by speed lap times. 
All activities are completed for 5 min except for lying down (10 min) 
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Table 7.3 Energy expenditure per activity 
Activity N IC SW2.2 SW5.2 SW2.2-IC SW5.2-IC 
Lying down 56 1.17 ± 0.26 0.64 ± 0.20 1.02 ± 0.18 -0.53 ± 0.20 -0.15 ± 0.21 
TV 56 1.23 ± 0.27 0.65 ± 0.20 1.07 ± 0.20 -0.57 ± 0.17 -0.16 ± 0.19 
Computer game 56 1.28 ± 0.24 0.66 ± 0.20 1.08 ± 0.19 -0.62 ± 0.15 -0.21 ± 0.17 
Handheld e-game 55 1.34 ± 0.29 0.69 ± 0.21 1.09 ± 0.23 -0.66 ± 0.23 -0.25 ± 0.26 
Writing/colouring 56 1.48 ± 0.28 0.79 ± 0.26 1.11 ± 0.23 -0.69 ± 0.20 -0.36 ± 0.21 
Standing activity 56 1.74 ± 0.34 1.01 ± 0.36 1.15 ± 0.30 -0.74 ± 0.28 -0.60 ± 0.29 
Getting ready 56 2.82 ± 0.62 1.49 ± 0.51 2.01 ± 1.52 -1.32 ± 0.29 -0.80 ± 1.27 
Slow walk 56 3.26 ± 0.68 2.25 ± 0.81 2.53 ± 0.88 -1.01 ± 0.41 -0.73 ± 0.39 
Dancing 55 3.52 ± 1.25 2.31 ± 1.13 2.91 ± 1.42 -1.21 ± 0.56 -0.62 ± 0.66 
Brisk walk 56 3.85 ± 0.92 2.58 ± 1.05 2.89 ± 1.09 -1.27 ± 0.52 -0.96 ± 0.49 
Tidy up 55 4.17 ± 1.22 2.03 ± 0.86 2.50 ± 1.05 -2.14 ± 0.62 -1.68 ± 0.63 
Basketball 54 6.75 ± 2.24 3.54 ± 1.60 3.89 ± 1.79 -3.21 ± 0.92 -2.86 ± 0.90 
Running 56 6.81 ± 2.13 4.43 ± 1.72 4.63 ± 1.96 -2.37 ± 0.92 -2.18 ± 1.02 
Locomotor course 54 7.41 ± 2.29 4.18 ± 1.64 4.69 ± 2.07 -3.23 ± 1.15 -2.72 ± 1.18 
Soccer 55 7.43 ± 2.20 4.19 ± 1.55 4.45 ± 1.91 -3.24 ± 1.08 -2.98 ± 0.98 
Energy expenditure (kcal·min-1) per activity (mean ± SD). IC, indirect calorimetry; SW2.2, algorithms version 
2.2; SW5.2, algorithms version 5.2. 
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Figure 7.3 Bland-Altman plots with 95% limits of agreement sedentary (a, b), light- (c, d) and moderate- 
to vigorous-intensity (e, f) physical activities. Mean bias was calculated as: IC – SW2.2 and IC – SW5.2; 
a positive value indicates underestimation of the algorithm; a negative value indicates overestimation of 












The aim of the research reported in this thesis was to validate activity monitor-based assessment 
approaches for the objective measurement of sedentary behaviours, physical activity and energy 
expenditure in school-aged children. Although hip-based accelerometry combined with cut-
point or single regression data reduction approaches have commonly been used to assess 
physical activity and sedentary behaviour in free-living children (Trost 2007), these methods 
have some limitations such as difficulties distinguishing between sedentary behaviour and 
standing still (Janssen & Cliff 2015; Ridgers et al. 2012) low participant compliance in free-
living samples (Fairclough et al. 2015; Rowlands et al. 2014b) and difficulties in accurately 
estimating energy expenditure across the spectrum of children’s physical activities (Corder et 
al. 2008; Trost et al. 2011).  
 
Alternative approaches have become available for the objective measurement of sedentary 
behaviour, physical activity and energy expenditure in children, which may overcome some of 
the limitations of traditional hip-mounted activity monitor-based assessment approaches. These 
include the thigh-worn activPAL3TM, which has the potential to assess sedentary behaviour 
more accurately than hip-based cut-point approaches because of its placement on the thigh, and 
also provides estimates of METs which could be used to estimate energy expenditure or time 
spent in MVPA. Likewise, the ActiGraph and GENEActiv can be worn on the wrist, resulting 
in higher participant compliance and increased wear-time, compared to placement on the hip 
(Fairclough et al. 2015; Rowlands et al. 2014b). The SenseWear Mini combines accelerometry 
with physiological data, and therefore may provide more accurate measures of energy 
expenditure than traditional single regression approaches based on activity monitor “count” 
data. Although recent studies have shown promising results for the use of alternative methods, 
the number of validation studies testing these new devices is relatively small, and some studies 
may be influenced by limitations including small samples sizes (Duncan et al. 2016), samples 




with limited age ranges (Crouter et al. 2015; Duncan et al. 2016) a limited range of laboratory 
activities (Duncan et al. 2016; Hildebrand et al. 2014; Schaefer et al. 2014), or the lack of a 
valid criterion measure (Hildebrand et al. 2016). Chapters 3 to 7 in this thesis described how 
this research addresses gaps in the evidence base. This discussion chapter summarises the 
findings of the studies described in this thesis and explains how the research addressed the three 
thesis aims as presented in Chapter 1. Furthermore, this chapter provides a discussion of 
strengths and limitations of the studies included in this thesis and considers the implications for 
future research, followed by an overall conclusion.  
 
8.1 Overall discussion 
 
8.1.1 Aim 1: To examine the accuracy of thigh-worn activity monitors for classifying 
sedentary behaviours and physical activity, and for predicting energy expenditure in children 
 
The study described in Chapter 3 aimed to examine the accuracy of the thigh-worn 
activPAL3TM for classifying postural allocation, estimating time spent in postures, and 
examining the number of breaks in sedentary behaviour detected by activPAL3TM in 5-12 year-
olds, using direct observation as the criterion measure. activPAL3TM demonstrated acceptable 
sensitivity and specificity for classifying postures in two age groups (5-8y and 9-12y). Although 
time spent sitting/lying and stepping was slightly underestimated in 5-8y (~6-13%) and 9-12y 
(~2-8%), the measurement errors were within a conventional range of ±10% of the criterion for 
sitting/lying time in 9-12y and for stepping time in both age groups. Standing time was 
overestimated in both younger (36.8%) and older (19.2%) children and was not equivalent to 
the criterion measure. Wide individual variability was found for sitting/lying and standing time, 
especially in the younger age group. The absolute number of breaks in sedentary behaviour was 




statistically overestimated by activPAL3TM in both age groups, although a significant 
correlation was present between breaks detected by activPAL3TM and direct observation, 
indicating that activPAL3TM is accurate for the relative assessment of the number of breaks. 
 
The accurate assessment of postural allocation for sitting and stepping by activPAL3TM, 
particularly in the 9-12 year-old sample, as described in Chapter 3 is in line with the high 
correlations between activPALTM and direct observation for time spent sitting/lying and 
walking presented by a previous laboratory-based validation study (Aminian & Hinckson 2012) 
in 9-10 year-olds. A recently published study by Ridley et al. (2016) examined the validity of 
the activPALTM for estimating sitting and standing time, and detecting transitions between 
sitting and upright postures against direct observation among 9-12 year-olds (n = 40) in a free-
living school classroom setting. The study by Ridley et al. (2016) was published (07/07/2016) 
after the date that the study in Chapter 3 (van Loo et al. 2017) was submitted to the journal 
(18/02/2016), and thus was not described in Chapter 3. Ridley et al. (2016) reported that the 
activPALTM underestimated sitting time and overestimated standing time, which was consistent 
with the findings described in Chapter 3. Nevertheless, the measurement errors reported by 
Ridley et al. (2016) were larger than those reported for the 9-12 year-old sample described in 
Chapter 3 of this thesis for both sitting (5.6% vs. 1.4%, respectively) and standing (44.4% vs. 
19.3%, respectively). Data for stepping time were not reported in Ridley et al. (2016) and so 
measurement errors for this posture could not be compared. Ridley et al. (2016) demonstrated 
that the number of breaks detected by activPALTM was not significantly different from the 
criterion measure, whereas the absolute number of breaks detected by activPAL3TM was 
significantly different from direct observation in the laboratory-based study reported in Chapter 
3, and mean bias (5-8y: 8.4 breaks, 53.2%; 9-12y: 3.4 breaks, 28.3%) was larger compared to 
Ridley et al.’s (2016) study (mean diff: 0.2 breaks, 3%) It should be noted that Ridley et al.’s 




(2016) sample engaged in very little non-sedentary behaviour during the classroom activities 
(7.7%), whereas approximately 50% of direct observation time in the study reported in Chapter 
3 was coded as non-sedentary, and more sedentary breaks were detected in this sample (5-8y: 
15.8 ± 4.6 breaks; 9-12 year: 12.0 ± 3.4 breaks) compared to Ridley et al.’s (2016) (8.0 ± 8.0 
breaks), which may have contributed to differences in findings between studies.  
 
Measurement errors for estimates of time spent sitting, standing and stepping, and for the 
number of sedentary breaks from the activPAL3TM were larger for the younger age group in 
Chapter 3 compared to the 9-12 year-old samples from both the study in Chapter 3 and Ridley 
et al. (2016). Even though no studies have been conducted to confirm measurement errors in 
school children younger than 9 years of age, some studies (Davies et al. 2012a; De Decker et 
al. 2013; Janssen et al. 2014b) have investigated the accuracy of activPAL3TM in 3-6 year-old 
pre-school children. The underestimation of time spent sitting/lying and overestimation of time 
spent standing was larger in the 5-8y sample in Chapter 3 compared to the errors in previous 
pre-school studies (Davies et al. 2012a; Janssen et al. 2014b). Nevertheless, the interpretation 
of the results from studies in pre-schoolers (Davies et al. 2012b; Janssen et al. 2014b), 5-8 year-
olds (van Loo et al. 2017) and 9-12 year-olds (Ridley et al. 2016) suggests that the non-standard 
postures that children sometimes engage in could influence the accuracy of the activPAL3TM 
for detecting differences in postural allocation, which results in misclassification of sitting as 
standing. Further inspection of the videos demonstrated that some children in the 5-8y sample 
in Chapter 3 and Ridley et al’s (2016) 9-12y sample engaged in non-standard sitting behaviours 
(e.g., sitting with outstretched legs on the edge of a chair), which were misclassified as standing. 
As such, the transitions from a normal sitting posture to such non-standard postures may also 
have contributed to the overestimation of sedentary breaks as demonstrated in Chapter 3. 
Another study (Stålesen et al. 2016) in 9-12 year-olds (n = 54) that was published (05/02/2016) 




while the study in Chapter 3 was being completed, tested activPALTM’s ability to discriminate 
between sitting and standing during a protocol including three sedentary activities and three 
non-sedentary activities. An interesting result from Stålesen et al. (Stålesen et al. 2016) was 
that the activPALTM misclassified standing as sitting during standing postures or moving 
exercises, which seems to contradict the findings described in Chapter 3. The authors suggested 
that this was possibly due to misclassification of non-standard standing postures, such as 
balancing while throwing a ball, in which the angle of the leg changed. Although Stålesen et al. 
(2016) confirmed this finding by visual inspection of the videos, the outcomes from activPALTM 
were not directly compared with a criterion measure, which could be considered as a limitation 
of the study.  
 
The activPAL3TM monitor demonstrated accurate classification for sitting/lying, standing and 
stepping in school-aged children, although estimates of time spent sitting/lying and standing 
were less accurate. Various studies in both pre-schoolers and school-aged children 
demonstrated overestimation of standing time (Davies et al. 2012a; Janssen et al. 2014b; Ridley 
et al. 2016; van Loo et al. 2017) and the number of sedentary breaks (Davies et al. 2012b; 
Janssen et al. 2014b; van Loo et al. 2017), possibly due to the effect of non-standard postures 
that children engage in on the monitor’s ability to accurately classify postures and postural 
transitions. 
 
Because studies of children’s sedentary behaviour often seek to additionally assess physical 
activity outcomes to investigate the independent effect of both behaviours, it is preferable to 
use one monitor to minimise participant burden. While activPAL3TM demonstrated acceptable 
accuracy for classifying postures in children, it would be beneficial if the monitor was also 




capable of accurately predicting physical activity energy expenditure. Therefore, the study 
described in Chapter 4 aimed to examine the accuracy of the activPAL3TM proprietary 
algorithm for predicting METs, using indirect calorimetry as the criterion measure. At the group 
level, METs were significantly equivalent to indirect calorimetry for some sedentary activities 
(handheld e-game, writing/colouring) and standing. Compared to indirect calorimetry, 
activPAL3TM overestimated METs for sedentary activities (7.9%), slow walking (32.0%) and 
brisk walking (21.2%), whereas METs for the remaining MVPA activities were underestimated 
(15.8% – 47.3%). Considerable error was demonstrated at the individual level for all activities 
and errors increased with increasing intensity. Although METs were underestimated for most 
MVPA activities, the values were typically above the MET threshold for MVPA, and thus the 
monitor exhibited good accuracy for classifying epochs as MVPA. To the candidate’s 
knowledge, no other studies have investigated the validity of the activPAL3TM proprietary 
algorithm for estimating energy expenditure in school-aged children; however, the results 
described in Chapter 4 were similar to other studies in pre-schoolers and adolescents. 
Overestimation of METs was demonstrated during sedentary behaviour in pre-schoolers by 
Janssen et al. (2014a), and during slow walking in adolescents by Harrington et al. (Harrington 
et al. 2011).  All studies demonstrated underestimation of METs during MVPA. These 
measurement errors are possibly due to the accuracy of the monitor’s step count function 
(Aminian & Hinckson 2012), as the step rate is the only independent variable used in the MET 
algorithm.  
 
From Chapters 3 and 4, it can be concluded that the activPAL3TM classified sitting/lying, 
standing and stepping in children with acceptable accuracy. However, researchers should be 
aware that, due to non-standard postures that children sometimes engage in, the monitor is 
sensitive to misclassifying sitting as standing, which can result in an overestimation of standing 




time and the absolute number of sedentary breaks. activPAL3TM could be applied for accurate 
estimates of METs during sedentary activities and standing, although estimated METs were 
inaccurate during light-intensity physical activities and MVPA. activPAL3TM demonstrated 
promising results at the group level for classifying MVPA, however, considerable individual 
variability for estimates of time spent in different postures and energy expenditure indicated 
that the monitor would be less accurate for individual-level assessments. 
 
8.1.2 Aim 2: To examine the accuracy of wrist cut-points for the classification of sedentary 
behaviour and moderate- to vigorous-intensity physical activity intensities. 
 
As described in Chapters 5 and 6, wrist placement of activity monitors has resulted in increased 
wear time due to greater compliance compared to hip placement (Fairclough et al. 2015; 
Rowlands et al. 2014b), and population surveys (Troiano et al. 2014) and national biobanks 
(UK Biobank 2009) have incorporated wrist-worn accelerometers for the assessment of 
sedentary behaviour and physical activity. The recent shift from hip to wrist placement requires 
access to reliable data reduction approaches, and various calibration studies have developed 
cut-points for the assessment of sedentary behaviours and physical activity intensities based on 
either proprietary activity counts (Chandler et al. 2015; Crouter et al. 2015; Kim et al. 2014) or 
raw wrist acceleration (Hildebrand et al. 2016; Hildebrand et al. 2014; Phillips et al. 2013; 
Schaefer et al. 2014). Although some cut-points have been cross-validated (Crouter et al. 2015; 
Hildebrand et al. 2016; Hildebrand et al. 2014; Schaefer et al. 2014) or validated in free-living 
samples (Phillips et al. 2013), more comprehensive research is needed to simultaneously test a 
range of cut-points during a standardised activity protocol and against a valid criterion measure. 
Chapter 5 aimed to compare the validity and accuracy of wrist cut-points for classifying 
sedentary behaviour in 5-12 year-old children, relative to the commonly used <25 counts per 




15 sec ActiGraph hip cut-point and the thigh-mounted activPAL3TM, using direct observation 
as the criterion measure. Chapter 6 described a study that aimed to compare the accuracy of 
wrist acceleration cut-points that were developed using raw acceleration data for classifying 
MPA, VPA and MVPA and estimating time spent in these intensities in 5-12 year-old children, 
using portable indirect calorimetry as the criterion measure. 
 
Findings from the study reported in Chapter 5, indicated that the most accurate wrist cut-points 
for the ActiGraph activity monitor were developed by Kim et al. (2014) for the vertical axis 
and the vector magnitude, and estimated sedentary time more accurately compared to estimates 
from the ActiGraph hip cut-point. Although some GENEActiv wrist cut-points estimated 
sedentary time more accurately than the ActiGraph hip cut-point, the cut-points generally 
overestimated sedentary time and classified sedentary behaviour less accurately than the 
ActiGraph hip cut-point. activPAL3TM underestimated sedentary time in 5-8y, however, the 
thigh-monitor was more accurate than the wrist and hip cut-points for estimating sedentary 
behaviour. While all methods overestimated the absolute number of sedentary breaks, the Kim 
et al. (2014) cut-point for the vector magnitude detected sedentary breaks more accurately 
compared to other wrist cut-points, the hip cut-point and activPAL3TM. Some cut-points 
(Crouter et al. 2015) demonstrated reasonably accurate estimates of sedentary time (-8.6% - 
2.5%), while classification accuracy for the cut-points was only fair. This suggested that 
although errors seem small, they might still be meaningful. For instance, the highest proportion 
of misclassification of sedentary epochs for the dominant hand were found during the seated 
colouring activity in our protocol, which requires the child to use their hand, and so wrist 
monitors might record counts high enough to be misclassified as non-sedentary. In contrast, an 
activity that involved children standing still while writing on a white board resulted in the 
highest proportion of misclassified non-sedentary epochs for the non-dominant hand, because 




the wrist monitor recorded low activity counts on this hand and misclassified epochs during the 
task as sedentary. From these findings it can be concluded that, while hip-based cut-points 
typically misclassify standing still as sedentary, wrist cut-points exhibit some misclassification 
of non-sedentary as sedentary and vice-versa. As such, misclassification of sedentary behaviour 
and non-sedentary behaviour for wrist cut-points may cancel each other out, resulting in 
seemingly accurate group-level estimates of sedentary time.  
 
After the completion of the research described in Chapter 5, the GENEActiv wrist cut-points 
developed by Phillips et al. (2013) were cross-validated in an independent sample of 5-8 year-
old children during laboratory settings (Duncan et al. 2016) and new sedentary cut-points were 
developed for the hip- and wrist-worn ActiGraph and GENEActiv, based on raw acceleration 
data using the ENMO method (Hildebrand et al. 2016). These studies were not discussed in 
Chapter 5, because this chapter was written (August 2016) prior to the studies being accepted 
for publication (Duncan et al. (2016): 13/10/2016; Hildebrand et al. (2016): 07/10/2016).  
 
Duncan et al. (2016) included 15 participants who performed three sedentary and four 
overground walking and running activities, while indirect calorimetry was used as the criterion 
measure to evaluate classification accuracy of the Phillips et al. (2013) cut-points. Hildebrand 
et al. (2016) included 30 children aged 7-11 years and used activPALTM as the criterion measure 
to develop and validate raw wrist acceleration cut-points for sedentary behaviours. The 
laboratory protocol included two sedentary activities and four activities that ranged from LPA 
to MVPA. The same group of participants wore the monitors for 24 hours in free-living 
conditions in order to validate the cut-points. Both Duncan et al. (2016) and Hildebrand et al. 
(2016) reported that sedentary behaviours were classified with excellent accuracy (ROC-AUC: 




Phillips = 0.97; Hildebrand = 0.91), whereas classification accuracy for the cut-points described 
in Chapter 5 was lower (ROC-AUC: Chandler (vector magnitude) = 0.72 to Kim (vertical axis) 
= 0.86). Hildebrand et al. (2016) reported higher acceleration outputs for GENEActiv compared 
to ActiGraph on the wrist in laboratory settings, which resulted in slightly different cut-point 
values for the different brands (56.3 mg vs. 35.6 mg, respectively). The newly developed cut-
points were tested in free-living conditions, and overestimated sedentary time compared to 
activPALTM by 15% and 3%, respectively, although estimates from the ActiGraph wrist cut-
point were more accurate than the GENEActiv wrist cut-point (Hildebrand et al. 2016). It was 
hypothesised that the difference in free-living performance between the monitors was caused 
by the difference in the acceleration magnitudes of the cut-point, rather than the different 
monitor brands. To test this hypothesis, the ActiGraph cut-point was applied to the raw 
GENEActiv data and estimates of sedentary time were similar to those from the ActiGraph. In 
agreement with the study reported in Chapter 5, Hildebrand et al. (2016) found that estimated 
sedentary time was more accurate for the wrist cut-points (3% - 15% overestimation) compared 
to the ActiGraph hip cut-point (32% overestimation). Furthermore, the mean bias and LoAs 
reported by Hildebrand et al. (2016) were wide for all cut-points during free-living conditions, 
which was consistent with findings in Chapter 5. As such, the authors suggested that the cut-
points are unlikely to detect associations between individual sedentary time and health 
outcomes. Furthermore, it was concluded that the sedentary cut-points, developed in a 
laboratory setting, have reduced performance during free-living activities.  
 
It should be noted though that the use of activPALTM for both calibration and validation 
procedures could have affected Hildebrand et al.’s (2016) results. As described in Chapter 3 
and Chapter 5, sedentary time estimated by activPAL3TM was equivalent to direct observation 
in the 9-12 year-old sample, however, the monitor underestimated sedentary time in 5-8 year-




olds due to postural misclassification of sitting as standing and similar misclassification was 
found in the 9-12 year-old sample of Ridley et al. (2016). Hildebrand et al. (2016) suggested 
that such misclassification might have contributed to the low specificity for the developed 
ActiGraph (74%) and GENEActiv (75%) wrist cut-points in their study. Another limitation of 
Hildebrand et al.’s study for the development of these cut-points was that only two sedentary 
activities (lying and sitting while using a computer) were included, which likely involved 
limited movement of the non-dominant wrist. Likewise, the LPA activities in Hildebrand et 
al.’s (2016) study involved a standing activity while children were drawing on a whiteboard, 
and a slow walk activity on a treadmill, however the protocol did not involve more complex 
LPA activities with low wrist movement. Furthermore, no transitions were included between 
activities in Hildebrand et al.’s (2016) study, which could mean that only relatively structured 
movements were captured for calibration purposes, which might not reflect children’s free-
living movement patterns. As such, the application of the cut-points in free-living conditions 
demonstrated that the amount of correctly classified time spent sedentary (sensitivity) was low 
(ActiGraph: 68%, GENEActiv: 79%) and time spent non-sedentary (specificity) even lower 
(ActiGraph: 59%, GENEActiv: 48%). The findings from Hildebrand et al. (2016) were identical 
to the finding described in Chapter 5, and it was confirmed that the ability of the cut-points to 
accurately discriminate sedentary and non-sedentary behaviours in the free-living sample was 
low.  
 
The main difference between the Hildebrand cut-points and the cut-points described in Chapter 
5, is that Hildebrand et al. (2016) developed their cut-points based on raw wrist accelerations 
using the ENMO approach, whereas previous ActiGraph cut-points (Chandler et al. 2015; 
Crouter et al. 2015; Kim et al. 2014) were developed based on activity counts, and previous 
raw acceleration-based GENEActiv cut-points were developed using different data processing 




approaches. Even though it seemed that the same conclusions could be drawn from the research 
described in Chapter 5 and Hildebrand et al. (2016), it could be speculated that the use of counts 
as a proprietary unit makes it difficult to compare outcomes of studies that use different brands, 
because the proprietary algorithms used by the company to convert data into counts may differ 
between brands. Therefore, the use of monitors that are capable of storing raw unfiltered 
acceleration data as output might be more beneficial as they measure the same phenomenon 
and thus provide the potential to apply consistent data reduction methods to raw acceleration 
data, which in theory increases the comparability of outcomes between studies.  
 
As the research described in Chapter 5 focused on the validation of sedentary wrist cut-points 
that were developed with varying approaches, the aim of the research described in Chapter 6 
was to validate wrist cut-points for assessing MPA, VPA and MVPA intensities in children that 
were developed using raw accelerations only. The cut-points were validated for the non-
dominant wrist, as placement on this wrist is most commonly used in calibration and validation 
studies (Hildebrand et al. 2014; Phillips et al. 2013; Schaefer et al. 2014) as well as national 
surveys (NHANES) for the assessment of physical activity. As described in Chapter 6, the cut-
points were developed using different data processing approaches, such as the ENMO method 
(Hildebrand et al. 2014), the use of the GENEActiv post processing software (Phillips et al. 
2013) and a band-pass filtering technique (Schaefer et al. 2014). The use of different activity 
protocols and data processing approaches resulted in cut-points with magnitudes of >192 mg 
(ENMO192+), >250 mg (GENEA250+) and >314 mg (BFEN314+), that could result in different 
estimates of physical activity. In agreement with previous independent cross-validation studies 
(Duncan et al. 2016; Schaefer et al. 2014), all cut-points demonstrated good classification 
accuracy and VPA was generally classified more accurately than MPA (Duncan et al. 2016; 
Hildebrand et al. 2014; Schaefer et al. 2014). Although BFEN314+ classified MPA, VPA and 




MVPA more accurately than ENMO192+ and GENEA250+, BFEN314+ overestimated time spent 
in MVPA due to a high proportion of non-MVPA misclassified as MPA during light intensity 
activities that involved high motion of the wrist. For example, during the activity “Getting ready 
for school”, the child was required to pack a schoolbag, pour food into cups, and brush their 
hair, which could result in relatively high wrist accelerations and 66.0% of LPA epochs were 
misclassified as MPA. While ENMO192+ and GENEA250+ approached equivalence with the 
criterion measure for time spent in MVPA, these cut-points misclassified more MPA as non-
MVPA compared to BFEN314+, especially during MVPA activities with limited wrist 
movement. During the “Tidy up” activity, the child carried objects while walking, which may 
have resulted in limited wrist movements, and MPA epochs were subsequently misclassified as 
non-MVPA (ENMO192+ = 85.8%, GENEA250+ = 79.6%).  
 
The validation study in Chapter 5 demonstrated that wrist cut-points based on count data and 
raw acceleration data exhibited misclassification of non-sedentary behaviours as sedentary and 
vice-versa. The study in Chapter 6 demonstrated that wrist acceleration cut-points misclassified 
non-MVPA as MPA during light intensity activities involving high wrist motion, and 
misclassified MPA as non-MVPA during MVPA activities involving limited wrist motion. The 
findings from both chapters combined suggest that the use of only the magnitude of wrist 
accelerations might not be effective in distinguishing sedentary behaviours from non-sedentary 
behaviours, and MVPA from non-MVPA. Further research using raw acceleration data is 
needed before agreement can be reached on which thresholds should be used, and alternative 
data processing approaches, such as machine learning (Trost et al. 2012), might be required to 
achieve higher accuracy for the assessment of sedentary behaviour and physical activity. 
 




8.1.3 Aim 3: To examine the accuracy of multi-sensor activity monitors to predict energy 
expenditure in children 
 
Although hip-worn accelerometers and regression modelling approaches provide accurate 
assessments of energy expenditure for a limited number of activities, the assessment of energy 
expenditure is not accurate over the wide range of lifestyle activities that children engage in 
(Corder et al. 2008; Trost et al. 2011). Estimates of energy expenditure are influenced by the 
biomechanical variation of different activity types and the variability in activity energy costs 
due to growth and maturation (Harrell et al. 2005). Furthermore, the use of cut-point-based 
approaches applied to data from a single accelerometer may not be accurate enough if there is 
no movement occurring on the limb where the monitor is attached (Hildebrand et al. 2016), or 
if there is movement of the body parts where the monitor is not attached. Therefore, activity 
monitors that combine accelerometry with additional sensors could possibly overcome these 
limitations and potentially provide more accurate measures of energy expenditure during free-
living lifestyle behaviours among children.  
 
The multi-sensor activity monitor SenseWear Mini is an arm-mounted activity monitor that 
integrates multiple physiological signals such as heat flux, skin temperature, body ambient 
temperature and galvanic skin response to predict energy expenditure, using a pattern-
recognition-based analysis approach. One unique characteristic of the SenseWear Mini is that 
the company upgrades the device’s algorithms as new data become available and are integrated 
into the pattern-recognition system. This multi-sensor activity monitor with integrated 
physiological sensors has the potential to assess energy expenditure of non-ambulatory 
activities more accurately than traditional accelerometers, especially those worn on the hip.  





Chapter 7 describes a study that aimed to validate the most recent algorithms, versions 2.2 
(SW2.2) and 5.2 (SW5.2), included in the SenseWear Mini software for estimating energy 
expenditure in 5-12 year-old children. The results of this research demonstrated improved 
estimates of EE for the upgraded algorithm SW5.2, compared to SW2.2, especially during 
sedentary activities and ambulatory activities. However, SW5.2 underestimated EE for all 
activities and the error increased with increasing intensity. It was suggested that EE estimates 
were possibly affected by lifestyle activities that involve a range of complex activity patterns, 
because the magnitude of the improvement (MAPE, mean absolute percentage) varied for 
different types of activities. For example, activities with high upper body movement showed 
larger improvements compared to activities with low upper body movement. Furthermore, it 
should be noted that MAPEs were negatively associated with BMI percentile and age. The 
characteristics of the algorithm development sample might have played a role, however, these 
details have not been released by the company. Although energy expenditure estimates from 
SW5.2 improved at the group level compared to SW2.2, the individual errors did not decrease, 
and LoAs became notably wider for SW5.2 during LPA activities. This could be explained by 
a correction that the company applied to the algorithm to improve estimates in overweight 
individuals. Our results demonstrated extreme outlying values for some overweight children in 
our sample, which resulted in a larger random error for SW5.2 compared to SW2.2.  
 
The findings described in Chapter 7 were in agreement with previous studies that showed 
improved group level estimates of energy expenditure, but large random error, when comparing 
previous SenseWear algorithms with upgraded algorithms in children and adolescents (Calabro 
et al. 2013; Lee et al. 2016). From this it can be suggested that even though upgraded algorithms 
result in improved estimates of energy expenditure, the outcomes should be interpreted with 




caution, especially at the individual level and during high intensity activities. While our findings 
and those from other studies indicate that the most up-to-date version of the software should be 
used, the company has given notice that the devices are no longer being produced and it is 
unclear if further upgrades for the algorithms will be made available.    
 
8.2 Strengths and limitations 
 
The aims of the research described in this thesis were to: 1) examine the accuracy of thigh-worn 
activity monitors for classifying sedentary behaviours and physical activity, and predicting 
energy expenditure; 2) examine the accuracy of activity monitor wrist cut-points for the 
classification of SB and MVPA, and 3) examine the accuracy of a multi-sensor activity monitor 
for the prediction of energy expenditure in children. A strength of these studies was the 
relatively large sample size, with a wide age range spanning middle to late childhood, that 
allowed for analyses across two age groups. Furthermore, there was a relatively equal 
distribution of girls and boys across these age groups in the sample. The activity protocol used 
throughout the studies in this thesis was developed according to best-practice recommendations  
(Welk et al. 2012)  and included a wide range of non-ambulatory and simulated free-living 
activities that ranged from sedentary to MVPA. Appropriate criterion measures, such as direct 
observation and indirect calorimetry, were used to assess sedentary behaviour, postures (e.g. 
sitting/lying, standing, stepping), postural changes (e.g. sitting to upright and vice-versa), 
physical activity intensities and energy expenditure. When using direct observation, the video 
data of transition time between activities was included, which resulted in a high time resolution 
and the ability to evaluate children’s behaviours within and outside of controlled activities. 
When using indirect calorimetry, all valid epochs from each activity were included for data 
analyses. Previous measurement studies have used periods of steady state (e.g., plateau in VO2 
data for 2 minutes), only including data that occurs during the periods of steady-state and 




excluding all other data. This optimises the precision of developed cut-point definitions for 
classifying physical activity intensity, and is appropriate when attempting to develop an 
accurate threshold. However, unlike adults who may exercise for continuous periods, children’s 
free-living physical activity behaviours do not occur at steady states of intensity as their 
movements are more intermittent and sporadic (Baquet et al. 2007). Thus, for children, cut-
point thresholds developed on steady-state activities are applied to activity monitor data 
collected during sporadic, non-steady-state, free-living physical activity behaviours. Therefore, 
because the purpose of the studies in this thesis was to cross-validate previously developed cut-
points, the evaluation approach was chosen to align with the way in which the cut-points are 
applied under free-living conditions. Thus, all valid data from each activity trial were included 
in analyses to reflect how activity monitors are applied under free-living conditions (e.g., data 
that is not steady-state is not excluded). A possible implication of this approach could be that 
body accelerations and metabolic rate during the moderate and vigorous intensity activities may 
not have been perfectly aligned due to a lag in oxygen consumption behind the movement 
response, and true classification accuracy of the activity monitors may have been 
underestimated. However, because this data reduction approach reflects how activity monitors 
are used in free-living population studies, and the approach was applied consistently across 
studies, the findings should better generalise to studies of free-living children and one method 
was not biased over another. The studies described in Chapters 5 and 6 were the first to test the 
evaluated objective methods simultaneously, such as wrist acceleration cut-points that were 
developed in different calibration studies, as well as alternative approaches such as thigh- and-
hip worn activity monitors. Furthermore, the inclusion of equivalence testing, analyses of 
classification accuracy and measurement agreement at the group and individual level provided 
additional insight into the magnitude and source of potential measurement errors, beyond that 




provided by previous studies in school-aged children (Aminian & Hinckson 2012; Duncan et 
al. 2016; Lee et al. 2016). 
 
Although the activity protocol in the studies described in this thesis included a wide range of 
non-ambulatory and simulated free-living activities, the findings should be confirmed in 
additional studies under free-living conditions. One activity that has proven to be difficult to 
assess with traditional accelerometry-based activity monitors is cycling, which was not 
included in the activity protocol. A further limitation of the studies is that the sample size was 
not large enough to perform sub-analyses by weight status, which might impact findings, 
particularly for energy expenditure.  
 
With respect to the criterion measures used for the studies, direct observation might involve 
some subjectivity, or inaccuracy due to the perspective captured on the video recording. When 
using indirect calorimetry as the criterion measure, it is challenging to capture resting energy 
expenditure (REE) in children, a limitation consistent across studies in this field (McMurray et 
al. 2015). As such, either measured REE (Chapter 4) or predicted basal metabolic rate (BMR) 
(Chapter 6) were used. Measured REE can be used to define 1 MET and calculate true METs 
for each activity, however measured resting values have some inaccuracies because some 
children were not completely rested during the lying down activity in our protocol and the use 
of the portable calorimetry system in combination with the facemask might have influenced the 
resting values. The Schofield equation (Schofield 1985) was used as an alternative method to 
predict BMR based on the participant’s height, weight and age, which has the limitation that 
calculated resting values might not reflect true METs for each individual child. Studies have 
demonstrated that MET levels for MVPA, which is typically defined as approximately the 
energy expenditure of brisk-walking and other activities are somewhat contingent on the choice 




of the denominator (Innerd & Azevedo 2016; Sasaki et al. 2016; Schuna Jr et al. 2016). In our 
sample, the measured energy expenditure values resulted in a value of ~3 METs for brisk 
walking as the behavioural indicator for MVPA, when 1 MET was based on measured REE 
(slow walking = 2.9 ± 0.5 METs; brisk walking = 3.4 ± 0.6 METs) (Table 4.2). These values 
were similar to previous studies that used measured REE to define 1 MET (e.g. slow walking: 
2.7 METs (Phillips et al. 2013), 2.1 METs (Hildebrand et al. 2014); brisk walking: 3.8 METs 
(Phillips et al. 2013), 2.8 METs (Hildebrand et al. 2014). When based on predicted BMR from 
the Schofield equation, the value was closer to 4 METs (slow walking = 4.0 ± 0.6 METs; brisk 
walking = 4.7 ± 0.7 METs), which was consistent with a previous study that used this approach 
(comfortable walking = 3.9 ± 0.6 METs; brisk walking = 4.7 ± 0.6 METs) (Trost et al. 2016). It 
should be noted that measured REE values from this study (1.19 ± 0.24 kcal/min; 7.9 ± 1.8 
ml/kg/min) were slightly higher than those in other studies (e.g. measured REE = 6.0 ± 1.0 
ml/kg/min (Hildebrand et al. 2014) and 6.0 ± 1.6 ml/kg/min (Trost et al. 2011)) and were higher 
than predicted BMR (0.82 ± 0.15 kcal/min). However, the younger age of participants in the 
present study is likely to contribute to the higher measured REE values, because BMR/REE 
decreases with age in children (Harrell et al. 2005). Although measured REE values in the 
present study were slightly elevated, so too were energy expenditure measurements during 
activities, and so the MET values used in analyses were quite comparable to other studies when 
using either measured REE (Hildebrand et al. 2014; Phillips et al. 2013) or predicted BMR 
(Trost et al. 2011). Further, the different REE/BMR values were accounted for by using an 
MVPA threshold of 3 METs in Chapter 4, whereas a threshold of 4 METs was used in Chapter 
6, which could overcome potential misclassification due to the use of different data reduction 
methods. This approach is consistent with other studies that have used measured REE 
(Hildebrand et al. 2014; Phillips et al. 2013) or predicted BMR (Trost et al. 2011). 
 





When evaluating the accuracy of raw wrist acceleration cut-points, the auto-calibration 
procedure described by van Hees et al. (2014) was not performed. However, this method relies 
on the detection of non-movement periods and because children often engage in short sedentary 
bouts, the sensor calibration might be less optimal for use in children. As such, it has been 
indicated that the auto-calibration method can have a significant impact on the ENMO values 
in young individuals (Hildebrand et al. 2016). When evaluating the accuracy of sedentary wrist 
cut-points, raw acceleration cut-points for GENEActiv were compared with count-based cut-
points for ActiGraph in this thesis, as to the candidate’s knowledge, no cut-points have been 
published based on proprietary activity counts from GENEActiv. Although this approach might 
seem unfair, there is the inherent limitation that whether the cut-points are based on counts or 
raw accelerometer data, the principle of the application is the same and will ultimately have 
large misclassifications. This is because the association between wrist acceleration, whether it 
is raw acceleration or counts, and energy expenditure is not perfectly linear across the range of 
activities that children typically engage in and differs between different types of activities. It 
should be noted that, theoretically, sedentary cut-points for both ActiGraph and GENEActiv 
could be derived from Hildebrand et al.’s energy expenditure prediction equations (Hildebrand 
et al. 2014), using raw acceleration data from these devices, in order to evaluate the accuracy 
for both brands simultaneously. However, as the definition of sedentary behaviour includes 
both posture and energy expenditure (Sedentary Behaviour Research Network 2012), it would 
not be appropriate to create sedentary cut-points based only on an energy expenditure algorithm 
without also considering sitting/lying position, and thus only existing cut-points were evaluated. 
 
The outcomes described in Chapter 3, Chapter 4 and Chapter 6 should be interpreted with 
caution, because statistical analyses were stratified by age groups, and might not be sufficiently 




powered to detect statistical equivalence of the tested measurement methods with the criterion 
measures. Finally, because companies do not provide detailed information about the proprietary 
algorithms for the activPAL3TM, ActiGraph and SenseWear Mini, as described in Chapters 6 
and 7, it is impossible to independently evaluate how the algorithms of the activity monitors 
might affect the outcomes of sedentary behaviour, physical activity and energy expenditure 
estimates.  
 
8.3 Implications for future research 
 
Considerable inconsistency exists in methodological approaches and data analysing processes 
for the objective measurement of sedentary behaviour, physical activity and energy expenditure 
in children. The research in this thesis aimed to clarify some of the issues that might have 
contributed to these inconsistencies. The study results from this thesis will assist researchers in 
their decision making regarding objective measures of physical activity and sedentary 
behaviour, which may contribute to higher quality research outcomes. As such, associations 
between behaviours and health outcomes, influences on the behaviours, and interventions to 
change the behaviours could be evaluated more accurately. Translating such outcomes into 
practice will assist with promoting physical activity, reducing sedentary behaviour and thus 
improving children’s health. Table 8.1 presents a summary of findings from this thesis and 
recommendations for researchers of epidemiologic studies to consider when making decisions 
regarding the use of objective measures. 
  




Table 8.1 Summary of the results presented in this thesis and recommendations for researchers of epidemiologic studies 
Primary outcome Methods evaluated in this thesis Summary results/recommendations 
Sedentary behaviour activPAL3TM, ActiGraph hip cut-point, ActiGraph 
and GENEActiv wrist cut-points 
activPAL3TM estimates were more accurate than the wrist 
and hip cut-points. Kim at al.'s (2014) cut-points for 
ActiGraph demonstrated reasonably accurate estimates of 
sedentary time. In general, wrist cut-points tend to 
misclassify sedentary as non-sedentary and vice-versa. 
Breaks in sedentary behaviour activPAL3TM, ActiGraph hip cut-point, ActiGraph 
and GENEActiv wrist cut-points 
Except for Kim et al.'s (2014) wrist cut-point, the hip- and 
wrist cut-points for ActiGraph and wrist cut-points for 
GENEActiv demonstrated larger overestimation than 
activPAL3TM 
MVPA GENEActiv wrist cut-points Although wrist cut-points classified MVPA with good 
accuracy, some cut-points overestimated time spent in 
MVPA due to a high proportion of non-MVPA misclassified 
as MPA during sedentary activities that involved vigorous 
wrist movements. 
Energy expenditure activPAL3TM, Sensewear Mini activPAL3TM software algorithm underestimated energy 
expenditure for sedentary behaviour and LPA. Although 
energy expenditure for MVPA was overestimated, 
classification accuracy of MVPA was acceptable. The 
SenseWear Mini software algorithms overestimated energy 
expenditure for all intensities and errors increased with 
increased intensity. Outcomes should be interpreted with 
caution, especially at the individual level. 
 
  




Chapters 3 and 4 aimed to examine the accuracy of the activPAL3TM activity monitor for 
classifying sedentary behaviour and physical activity, and for predicting energy expenditure in 
5-12 year-old children. The thigh-worn monitor has commonly been used by researchers to 
measure sedentary behaviour. This thesis demonstrated acceptable accuracy for classifying 
postures in children, however, the accuracy seemed to be dependent on the amount of non-
standard postures that children engage in. Non-standard sitting postures resulted in 
misclassification of sitting as standing, and the monitor overestimated time spent standing and 
the number of SB breaks. Although the application of the activPAL3TM for classifying postures 
appears to be acceptable at the group level in school-aged children, outcomes should be 
interpreted with caution at the individual level. For studies of physical activity and obesity 
prevention, it would be useful if the activPAL3TM could also accurately assess time spent in 
MVPA and estimate energy expenditure. Although the proprietary METs equation accurately 
estimated energy expenditure for some sedentary behaviour activities and standing, overall 
energy expenditure for sedentary behaviour and LPA was overestimated, and energy 
expenditure for MVPA was underestimated. Despite these findings, the activPAL3TM 
proprietary algorithm demonstrated good accuracy for classifying MVPA in children, and 
therefore it would be suitable to use the algorithm for this purpose.  
 
Chapters 5 and 6 aimed to examine the accuracy of activity monitor wrist cut-points for the 
classification of sedentary behaviour and MVPA in children. Several wrist cut-points have been 
developed to define sedentary behaviour and physical activity from ActiGraph or GENEActiv 
data, however no validation studies have been conducted in which cut-points have been tested 
simultaneously in an independent sample. The studies in Chapters 5 and 6 provide information 
for researchers to assist in determining the most appropriate data analysis approaches when 
using wrist-worn monitors for the assessment of sedentary behaviour and MVPA. These studies 




demonstrated that the most accurate wrist cut-points for the ActiGraph activity monitor (Kim 
et al. 2014) estimated sedentary time more accurately compared to estimates from the 
ActiGraph hip cut-point, whereas the GENEActiv classified sedentary behaviour less 
accurately than the ActiGraph hip cut-point. activPAL3TM estimated sedentary behaviour more 
accurately than the wrist and hip cut-points. The evaluated wrist cut-points in this thesis 
demonstrated good accuracy for classifying MPA, VPA and MVPA. However, the findings 
from Chapters 5 and 6 suggested that the use of only the magnitude of acceleration might not 
be effective in distinguishing sedentary behaviours from non-sedentary behaviours and MVPA 
from non-MVPA. Nevertheless, the application of consistent data analysis approaches will 
result in more comparable findings between studies and will lead to an evidence base that is 
more accurate and definitive. This will facilitate higher quality research outcomes across all 
phases of the behavioural epidemiology framework for physical activity and sedentary 
behaviour in children. 
 
Chapter 7 aimed to examine the accuracy of the multi-sensor activity monitor SenseWear Mini 
to predict energy expenditure in children. The combination of accelerometry with physiological 
data might overcome the limitations of single unit accelerometers and the use of regression 
models for estimating energy expenditure. Furthermore, because the company upgrades the 
proprietary algorithms as more data becomes integrated into their pattern-recognition system, 
it is important for researchers to know how accurate the latest versions of the algorithms 
perform. This study indicates that the most updated SenseWear Mini software algorithms 
should be used for improved assessment of energy expenditure in children. However, the 
outcomes from the algorithms should be interpreted with caution, particularly for individual 
values and for high intensity activities.  
 




It should be noted that results from the research presented in this thesis are dependent on 
important methodological decisions. For instance, when applying direct observation to assess 
sedentary behaviour and posture, non-standard postures such as crouching and kneeling-up 
were classified as a “non-standing” category. However, the outcomes demonstrated that non-
standard sitting postures affected the accuracy of the activity monitor in order to accurately 
distinguish sitting from standing, which indicates that researchers should also consider 
attempting to assess non-standard postures in free-living studies to understand their prevalence 
and impact on health outcomes. As indicated earlier, the studies in this thesis used either 
measured resting metabolic rate (Chapter 4, RMR) or predicted resting energy expenditure REE 
(Chapter 6, REE) for calculating MET values and either the 3-METs or 4-METs threshold were 
used for classifying MVPA. Further evidence is needed to reach consensus on the use of 
measured RMR or predicted REE, and the use of 3 METs or 4 METs for future research in 
school-aged children. Furthermore, future studies should test the impact of applying the auto-
calibration procedure described by van Hees and colleagues (2014) when using raw wrist 
acceleration data, although the method should first be calibrated for children (Hildebrand et al. 
2016). Finally, while some of the objective measurement methodologies validated in this thesis 
demonstrated acceptable surveillance application at the group level, future studies should 
examine the validity of alternative methods such as machine learning or pattern recognition 
approaches to investigate if the accuracy of assessments of sedentary behaviour, physical 
activity and energy expenditure among individual children can be increased. Table 8.2 presents 
a summary of gaps in the literature that were addressed in this thesis, and gaps that could not 
be addressed with this research. 
 
  




Table 8.2 Gaps in the literature that were addressed in this thesis, and gaps that could not be addressed with the research in this thesis 
Aim Gaps addressed in this thesis Remaining gaps 
1. To examine the accuracy of thigh-worn 
activity monitors for classifying sedentary 
behaviours and physical activity, and for 
predicting energy expenditure in children 
- activPAL3TM demonstrated superior performance for 
assessing sedentary behaviour relative to other cut-
point-based accelerometer approaches  
- activPAL3TM software algorithm was not accurate 
for estimating energy expenditure, though MVPA was 
classified with acceptable accuracy 
- What is the acceptability and practical utility of the 
thigh-mounted activPAL3TM in free-living samples of 
children?  
- Is the established accuracy of the thigh-mounted 
activPAL3TM consistent under free-living conditions?  
- Can alternative approaches, such as those using 
machine learning, be developed to improve the 
accuracy of the activPAL3TM? 
2. To examine the accuracy of wrist cut-
points for the classification of sedentary 
behaviour and moderate- to vigorous-
intensity physical activity intensities 
- Wrist cut-points demonstrated larger overestimation 
than activPAL3TM for estimating sedentary behaviour 
- Wrist cut-points misclassified a high proportion of 
non-MVPA as MVPA and vice versa 
Can alternative approaches, such as those using 
machine learning, be developed to improve the 
accuracy of wrist-based accelerometry assessments of 
sedentary behaviour and MVPA in children? 
3. To examine the accuracy of multi-sensor 
activity monitors to predict energy 
expenditure in children 
SenseWear Mini software algorithms were not 
accurate for estimating energy expenditure in children 
across activities at varying intensity levels 
Can alternative approaches, such as those using 
machine learning, and possibly additional 
physiological data, be developed to improve the 
accuracy of assessments of energy expenditure from 
activity monitors in children? 
 
  





The studies included in this thesis aimed to validate activity monitor-based assessment 
approaches for the objective measurement of sedentary behaviour, physical activity and energy 
expenditure in school-aged children. The research demonstrated that the activPAL3TM provides 
acceptable accuracy for classifying postures in children. However, the monitor overestimated 
time spent standing and the absolute number of SB breaks, due to misclassification of children’s 
non-standard postures. The activPAL3TM proprietary METs equation performed acceptably 
well for estimating energy expenditure for some sedentary activities and standing, but estimates 
were inaccurate for higher intensity activities. However, classification accuracy for categorising 
MVPA was acceptable, and the algorithm could be used in field studies for this purpose. When 
assessing sedentary behaviour using wrist-worn activity monitors, study findings indicated that 
the most accurate ActiGraph wrist cut-points, developed by Kim et al. (2014), and GENEActiv 
(Phillips et al. (2013), Schaefer et al. (2014)) wrist cut-points can be applied with similar 
accuracy as the commonly used hip-based ActiGraph cut-point (≥25counts/15s). However, 
estimates of sedentary behaviour from the wrist cut-points were not as accurate as the thigh-
based activPAL3TM. When using wrist-worn activity monitors for the assessment of MVPA, 
raw acceleration cut-points exhibited good accuracy for classifying MPA, VPA and MVPA in 
children, however all cut-points demonstrated difficulty in distinguishing between MVPA and 
non-MVPA. The multi-sensor SenseWear Mini activity monitor demonstrated improved 
accuracy for estimating energy expenditure using the upgraded software algorithm v5.2, 
however measurement errors remained large, especially during high intensity physical 
activities. In general, the activity monitors demonstrated large individual measurement errors 
and alternative approaches, such as those utilising machine learning algorithms, may be needed 
to achieve higher accuracy for the assessment of sedentary behaviour, physical activity and 
energy expenditure among individual children. Researchers of studies that evaluate the health 




consequences of physical activity and sedentary behaviour, as well as correlates of these 
behaviours, should be cautious about the consistent presence of large individual errors, as the 
apparent relationships might be affected when using paired data. Furthermore, the large 95% 
confidence intervals indicate that intervention studies will require larger sample sizes to 
maintain sufficient power in analyses order to detect significant differences between groups. 
Prevalence studies will also require larger sample sizes, due to the large individual variability, 
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